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REASONING 


Human reasoning can be broadly described as a set of cognitive processes by which 
people take an initial set of information and generate inferences that extend beyond 
the original data. In this sense, the expectations, generalizations, and assertions peo- 
ple reach in interpreting events and situations can all be considered the result of rea- 
soning, The inferences people produce can range from conclusions justified by 
tormal procedures to sketchy hunches supported by varying degrees of evidence. 
Reasoning ranges from the reaily “hard” thinking it takes to formulate an answer to 
aditicult question or resolve a complex situation to the nearly automatic inferences 
and predictions that occur in the planning and execution of everyday activities. 
Reavoning is multifaceted, ubiquitous, and fundamental to human cognition. 


A. An Introductory Framework 


Reaoning can be broken down into three basic components: the available infor- 
ination, the cognitive processes brought to bear, and generated inferences. These are 
naturally expressed in terms of a simple, abstract description of the processing of 
mformation underlying human reasoning: 
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In this formulation, x is the initial available information; the function F is a sum- 
mary of the set of computational tools used to manipulate, recombine, or transform 
the input information; andy is the inferential product of the reasoning process, 
which might take the form of a judgment, conclusion, or prediction. ly certain 
kinds of reasoning: people draw not only on the presented information x, but also 
on represented information—memory traces from personal experience or general 
conceptual knowledge. To reflect this, we can introduce a component k, which 
to the stored knowledge used in reasoning: 


‘ y = Fx.) 0) 


The component & lends additional richness and Aexibility to the construction of 
inferences by allowing reasoning processes to access domain knowledge and partic- 
ular cases. By way of clarifying the nature of the k component, Wisniewski (1995) 
draws a useful distinction between knowledge and experience. Kuowledge is the syn- 
thesis 


of abstracted principles, constraints, or organizations that comprise under-" 
standing of the world. Such knowledge might be organized as theory-like explan 
tory frameworks that can guide understanding and inference (Murphy & Medin, 
1985). Experience is stored information collected in a bottom-up fashion from 
empirical observation. It is relatively unfashioned and may be represented by statis- 
tical summaries or memory traces themselves in the form of exemplars or cases. 
Accounts of human reasoning can be characterized according to cither Equa- 
tion (1} or Equation (2) as well as by their particular instantiations of the variables. 
To be clear, an explanation of reasoning must specif 


1. How the available information x is represented 

2. How the information x is related to computational tools F (and stored 
knowledge &) 

3. How inferences y beyond the available information are generated 


B. Kinds of Reasoning 


Human reasoning is a well-trodden area, and there are many excellent reviews (e.g. 
Evans, Newstead, & Byrne, 1993; Rips, 1990), Rather than following the divisions 
authors have found convenient in the past, we have tried to select “cuts” through 
the conceptual space that build on earlier progress and offer new perspectives. Be- 
fore presenting our framework, we briefly visit the traditional distinction between 
deductive and inductive forms of reasoning. In deductive reasoning, conclusions are 
entailed or follow directly from the application of logical forms to the premises. An 
additional usage of the term refers to a top-down direction of inferencing from 
abstractions to specific cases. Two corresponding meanings are linked to the notion 
of induction. Inductive reasoning refers to the generation of inferences that are not 


a formal system. These inferences are essentially yu a 
probable by a set of evidence. Induction also refers to the bottom-up hie 
of high-level abstractions derived from observation of specific cases. This duality of 
ad to confusions in usage. Furthermore, the very issue of direction 
ral and specific can become slippery. Fot-example, consider the 
dog) to a novel instance “Spot.” From the top- 
to interpret and make inferences about “Spot? — 
is updated to reflect properties of 


guaranteed within 


meaning can le; 
ality between genet 
generalization of a concept (e-2., 
down, the abstract concept is used 
from the bottom-up, the concept representation 


the new member. Ee sit 
i ; acne! man 
Rips (1990) presents an alternative general framework in his treatment o} 


around a contrast between what he terms 


reasoning. He structures his discussion at he 
alls upon algorithmic pro- 


the strict and loose views of reasoning. The strict view ¢ es 
cesses involving the ordered application of abstract procedures to produce de ini- 
tive conclusions, The loase view calls upon specific associations, stored instances, 
continuous-valued predictions or 


statistical summaries, and heuristics that generate y : 
oth the way in which process- 


best guesses. The strict-loose distinction concerns b 
ing occurs and the inferential products that result. ; 

Equations (1) and (2) above suggest a related but slightly more precise way to 
differentiate among approaches to reasoning: the degree to which content oF do- 
main knowledge, the k component, is used in the reasoning, process, Reasoning 
methods based on Equation (1) involve domain-general computational ere 
applied to the available informatfon to generate stn eRe me a 
based on Equation (2) rely on bringing to bear stored know! edge or SApeTINGe ; 
the world that can be used to draw inferences beyond the available data. In consid- 
and Medina (1998) made use of a distinction 
ally proposed by Newell anc 


ering a related set of issues, Gentner ; 19 
between strong and weak methods of reasoning origin iat 
Simon (1972). Weak nictheds are general strategics that can operate wit howe ee 1 
knowledge of a domain. Examples include methods such as means-ends analysi ; e 
an inference rule like modus ponens. Strong methods make intensive use i — 
or abstract represented knowledge. Weak methods are valuable because of sey ae 
crality; they provide a means of ‘operating on novel or knowledge-poor oe 
However, as Newell and Simon noted, strong metho. are often superior when ¢ h 
is present. We will classify forms of reasoning such as logi 
as weak methods and forms of reasoning base 


appropriate knowledge 
cal deduction that fit Equation (1) : : | 
on knowledge of a concept or stored analog consistent with Equation (2) . stron 
methods, Note that while the process of mapping a target fo a base or classil ae 
instance as a category member may be domain-general, it is the role of specifi 
knowledge content that makes these methods strong. ieee, 

A second issue that follows from the weak—strong distinction is ee o 5 
soning system connects to the rest of higher-order cognition. Traditiona ys dedi 
¥ din that there is a lack of explicit dependenci 


tive reasoning is largely modularize di 
a‘ ally, other cognitive process 


or interactions with other cognitive processes. Typic 


are referred to primarily in order to explain poor reasoning performance in tert 
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of the input to or readout from the reasoning system. The phenomena to be 
accounted for are often considered to be a clearly circumscribed set of problems 
and puzzles (e.g., syllogisms) that seem to represent a fairly narrow slice of human 
reasoning phenomena. Reasoning is treated in a modularized fashion as a unique 
facet of cognitive function (though see Rips, 1994a, for an attempt to place rule- 
based deduction in a prominent role for general cognition). Strong methods of rea- 
soning place a greater emphasis on the context of the rest of cognition. Relating 
reasoning to learning, memory, and knowledge organization leads to a view of 
inferential processes that can be consistent with, or even share, processes and Tepre- 
sentations underlying the acquisition, organization, and use of knowledge. Differ- 
ences in reasoning performance with learning and development or across domains 
can be linked to conceptual change and variation in the amount, nature, and struc- 
ture of the available knowledge. This perspective in some ways compliments 3 “con- 
structive” view of cognition that blurs the distinctions between reasoning and pro- 
cesses, like perception and memory, which can be mediated by knowledge-based 
constraints and expectations. 


There is another important source of variation among re: soning approaches that 
Rips (1990) captures effectively with the strict—loose distinction. Some methods of 
reasoning are more closely specified in procedural terms than others, Methods vary 
in the degree to which one could trace and justify the way in which a particular 
inference was reached. In a strict approach, the steps are precisely determined and 
formulated; the history of each computation and result effectively documents the 
Teasoning process, In loose forms of reasoning, multiple kinds of processing are per- 
mucted, and the overall process can be difficult to trace because intermediate states 
are usually not represented explicitly. The computation may be distributed across 
many processing elements and may be probabilistic in nature—leaving little in the 
way of accountability. This dimension of process specificity cross-cuts to a degree the 
distinction we make beeween weak and strong methods of reasoning. 


How do these different variations on reasoning fit together? Here are three yen- 
eral possibilities: (a) there are only weak methods or only strong methods of rea- 
soning; (b) there are two separate systems; or (c) strong and weak imethods can be 
fit within a unifying framework. The ong¢-systemt view has two manifestations—the 
extreme positions of all-strong or all-weak reasoning. These may be the most diffi- 
cult positions to defend because an entire proposed system of reasoning niust be 
done away with. To dispense with strong reasoning methods requires explaining 
away the role of world knowledge and specific problem contenc in reasoning. To 
set aside weak reasoning methods involves disproving the use of explicit, content- 
blind processes, Rips (1990) points our that “if you take the position that there is 
only one relevant process, then your task is to specify the details of the process and 
to show how it is responsible for the different manifestations of reasoning” (p. 326). 
This risks broadening the descriptions to the point of vacuity. 

In one version of the separate systems view, Sloman (1996) adopts a dichotomy 
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much like that of Rips (1990), but takes the view that loose reasoning based on 
similarity and strict reasoning based on rules are two separate, and essentially com- 
peting, systems. One is associative and Jargely automatic while the other is logical 
and effortful. Sloman argues from cases of simultaneous contradictory belief that two 
separate systems operate independently to produce different solutions to the same 
problem at the same time. Another version of the separate systems view takes one 
set of methods to function as a backup in case of failure of the primary system. 
Rips (1995) notes the possibility that heuristics or probabilistic procedures may be 
called into play when logical deductions exceed some threshold of difficulty for 
the natural logic system. Rumelhart (1989) takes the view that the dominant sys- 
tem is reasoning by similarity instantiated as pattern matching in a parallel pro- 
cessing system. Formal reasoning is a special case for complex or novel problems. 
Rumelhart also points toward a possible unifying basis—formal reasoning may be 
derived from the internalization of sensorimotor interactions with external repre- 
sentations, 

The third possible “big picture” of reasoning involves unifying strong and weak 
methods within a common framework. In explicating the strict-loose distinction, 
Rips (1990) pays particular attention to special stricture. He argues that strict rea- 
soning depends upon special components of representations, such as, “iniplies” and 
“or.” Rips speculates that analogy (often considered a loose approach) may in fact 
be a matter of special structure because of the central importance assigned to cer- 
tain higher-order relational structures (such as causality) in analogical processing 
(Gentner, 1983, 1989). In the framework we have presented, analogical processing 
stands out as well: it is a strong form of reasoning with high process specificity. ‘Thi 
powerful combination leads us to consider a unifying perspective on reasonin:; that 
emphasizes the explanatory potential of structured comparison processes. 


if. REASONING BY FORMAL SYSTEMS: WEAK METHODS 


There is a substantial body of research on formal reasoning—what we describe as 
weak methods with highly specified processing functioning in a generally modu- 
larized reasoning system. The longest standing view of reasoning is essentially a syn- 
tactic view with an emphasis on explicit prescriptions for the lawful combination 
and transformation of propositions. This view has produced accounts of reasoning 
based on weak methods (¢.g., natural logic) that specify the conclusions that follow 
from a set of premises without regard for the particular content of the represented 
information being operated upon. 


A. Reasoning with Propositions: Basic Phenomena 


Although the traditional domain of “deductive” reasoning includes phenomena 
involving quantificational and relational forms of deduction, we will concentrate 
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on reasoning with propositions (statements using “not,” “if? “and.” and “or”). For 
exaniple, consider the following conditional rule (from Evans ct al., 1993): 


If the ignition key is turned then the engine runs. 
In the abstract case, this would be: 
if pthen q 


What conclusions can be drawn from such a rule? Given this rule asa premise and 


an additional premise (p, g, not-p, or not-g) there are four classical types of infer- 
ences: 


Valid 
iodus ponens The key is turned: therefore the engine ts running 

(if p then gy: therefore, q) 

The enging is not running: therefore the key is not turned. 

(if p then qi: not-g; therefore, not-p) 


modus tollens 


Iovalid 
denial of the antecedent The key is not turned; therefore the engine is pot canning 
Gf pchen g; not-yy therefore, not-g) 


affirmation of che consequent The engine is running; therefore the key is turned 


Gf p then q: g: therefore. p) 


Evans ct al. (1993) summarize behavioral studies of deductive performance on 
conditional rules. Adult participants are almost universally correct with modus 
ponens, but not with modus tollens (41-81%). Incorrect inference rates for denial 
of the antecedent and affirmation of the consequent are highly variable across stud- 
tes (25~75%). This range might reflect differences in the materials used and the pre- 
sentation of the task (such as whether or not forced choice) 

Another important pattern of results stems from Watson’s (1960) selection task 
involving an open-ended conditional syllogism. In the standard abstract form of the 
task (Wason & Johnson-Laird, 1972), participants see four cards that they are told 
have a letter on one side and a number on the other. A conditional statement is 
given, such as, “If there is an A on one side of the card, then there is a 3 on the 
other side.” The values on the sides of the cards facing the participant include two 
that match the elements in the rule (A and 3) and two differing values (¢.g., 1) and 
7). Participants are told to turn over the necessary cards to test the rule. The rule is 
an instance of the classic conditional “if p then q,” and the cards correspond to “p,” 
“a,” “not-p,” and “not-q.” 

Although the logically correct response to this task is to turn over the A and 7 
cards (“p” and “not-q"), only a minority of participants (6—33%) choose the cor- 
rect two cards (Evans, 1982; Wason, 1968, 1969; Wason & Johnson-Laird, 1970). 
The majority of participants choose only the A (p) card or the A and 1) cards (p 

~ and 4). This may be due to selection based ona match between the rule and the 
cards. When conditional statements contain negated antecedents and/or conse- 
quents, participants seem to ignore the negation and simply match their selections 
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to the cards mentioned in the premises (Evans, 1989). Additionally, the potentially 
falsifying 7 (“not-q”) is rarely selected. In a reduced array version (only q and not- 
4 as choices) performance improves; possibly because participants’ attention i: 
directed to the need to test not-q (Johnson~Laird & Wason, 1970). 

The question arises whether performance would be facilitated when the selec- 
tion task is taken out of the abstraét. Wason and Shapiro (1971) obtained 62% cor 
rect sclection using a specific rule grounded in a thematic context (“Every time 
go to Manchester, I go by car”) and a set of cards representing various destination: 
and modes of transport. However, this result failed to replicate. Ina different study 
the rule involved an arbitrary relation between specific objects (“Every time I ea 
haddock, then I drink gin”) and resulted in no facilitation relative to the low leve 
of performance with the abstract, arbitrary conditions (Manktelow & Evans 
1979). 

Lather than specificity, it might be that familiarity and prior experience are a 
the heart of these content effects. Griggs and Cox (1982) found strong facilitation 
using a highly familiar rule such as, “If a person is drinking beer, then che perso 
muust be over 19 years of age.” This result has been replicated, but may require explic 
itly establishing a police officer scenario involving “looking for violators” (Grigg 
& Cox, 1982; Pollard & Evans, 1987). Improvement up to 81% correct was foun 
using a postal rule (“If a letter is sealed, then it has a 50 lire stamp on it”) along wit! 
a set of actual envelopes (sealed and unsealed, with a 50 lire or a 40 lire stamp) a 
materials; critically, the facilitation is dependent on participant familiarity with ely 
rule (Cheng & Holyoak, 1985; Johnson-Laird, Legrenzi, & Legrenzi, 1972). Thes 
studies suggest that the source of facilitation is prior experience with the rule ani 
counter-exatples to the rule, but facilitation was also found by 1)’Andrade (cite: 
in Evans et al., 1993) in a case where there is no direct real-world experience (“I 
a purchase exceeds $30 than the receipt must be approved by the departmental man 
ager”). However, it is possible that participants in this study were able to generaliz 
from personal experience of a highly similar nature. We return to the issue of trans 
fer effects with the selection task later in our discussion. 

With these basic findings in mind, we now move to consider the most influen 
tial attempts to account for the major patterns of correct versus fallacious reason 
ing: rule-based models (also called mental logic or natural logic) and the ment: 
model theory of reasoning, Additionally, we will discuss a third class of theoric 
known as the deanti¢ reasoning models, including pragmatic reasoning schenias an 


social contract theories. 


B. Rule-Based Theories 


Although the focus and details vary somewhat across different rule-based theori 
(e.g.. Braine, 1978; Braine & O'Brien, 1991; Osherson, 1975; Rips, 1983), there 
a basic consensus, Rule-based accounts fit the framework of weak methods of re 


soning represented by Equation (1), y = FQ); where x is the available evidence, 
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is the set of rules, and y is the set of logical inferences. The rule-based account pro- 
poses that people possess explicit mental inference rules that operate on and trans- 
form propositions in working memory. These mental rules are similar, but not iden- 
tical, to the deductive laws of formal systems of logic. The goal of rule theories of 
reasoning is to provide a psychological version of traditional logic that accounts for 
systematic patterns of successful and unsuccessful inferencing, Such a “natural logic” 
(Braine, 1978) is thus constrained by the demands of normative deductive steps as 
well as the vagaries of human performance. 


1. Reasoning by Rules 


Rule-based systems are characteristically discrete and syntactic. The assertions 
within a logical system are all-or-none, with no distinctions among degrees of valid- 
ity or likelihood. This makes rule-based systems clear and consistent in their use and 
interpretation. Logical rule systems are weak methods of reasoning in that the pro- 
cessing is syntactic; blind to content. The rules specify the allowable ways in which 
information, any information, can be put together, related, and structured, The rules 
instantiate a mental logic with specifications of (a) the conditions under which they 
are applicable and (b) their entailments when brought to bear. For example, recall 
modus ponens, which is fundamental to every rule-based account: 


i: if A, then B 


A 


therefore, B 


The rule applies universally without regard to the semantic reference of A and B. 
There are two key advantages to this domain-generality: (a) the reasoning proce- 
dure is performed objectively and reliably, and (b) the reasoning procedure is robust 
and can be applied to any situation. 

Reasoning by rules has been applied most often to the reahn of Propositional 
logic, First, the premises are encoded to extract the underlying logical form. This 
translation taps into a predicate calculus language of Propositions composed of sym- 
bols and connectives, As characterized by Rips (1994a), the premises are then stored 
in working memory. Second, the application of rules is coordinated by @ reasoning, 
program that searches for and produces appropriate inferences by constructing and 
linking steps in a mental proof. This chaining process may proceed forward or back- 
ward in a constrained way and may involve building assertion trees in working mem- 
ory (Rips, 1983, 1994). To limit working memory load, inferences are drawn only 
when needed for a direct answer to a problem or a subgoal to an answer. The set of 
deductive inferences comprises an implicit mental proof that validates the conclu 
sions that are finally translated back into the content of the premises. Some accounts 
allow for a role of nonlogical processes (such as heuristic approaches or strong meth- 
ods of reasoning) if logical processes fail to produce a straightforward conclusion 
(Braine, 1978; Rips, 1995). 
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2. Support for Rule-Based Theories 


E. E. Smith, Langston, and Nisbett (1992) propose a set of criteria by which to spec 
ify and evaluate rule-based accounts. The authors emphasize that the criteria shoul 
distinguish between reasoning performance that is rule~governed versus that whic 
is rule-described. Rules are often convenient ways to characterize a general patter 
of performance or processing steps. Rule-based theories require that the rules a 
explicity represented and activated during processing; that they be the causal forc 
in the reasoning process, We focus here on two key predictions from the E. E. Smit 
et al. (1992) framework. In accord with the content-blind, universal quality of fo 
mal logical rules, rufe-driven reasoning should exhibit no variation in performanc 
due to the degree of familiarity or level of abstraction of the information. Secom 
following from the process-level description of rule-driven reasoning, the quali: 
¢ of performance should be predicted by the number of rules required i 
the implicit deductive proof. In addition, some rules may be more easily retrieve 
than others (Rips, 1983). 

Marcus and Rips (1979) found that participants confirm the validity of mod: 
ponens argunents regardless of the content of the problems. Furthermore, mo 
participants perform) logically on modus ponens problems across levels of abstrac 
ness (Evans, 1977) and familiarity of items (Byrne, 1991), However, these findin 
do not extend reliably beyond modus ponens. Rule-based theories have receive 
some support for predictions involving perceived difficulty, Problems are rated 
more difficult when more applications of a rule are needed to formulate a pro: 
(Braine, Reiser, & Rumain, 1984; Rips, 1983, 1989). Greater variety of rules a1 
greater complexity of rules may likewise increase difficulty. Rips (1994a) repor 
Jonger reaction times for participants to evaluate conclusions for two-rule arg 
ments than one-rule arguments. On higher-level deduction problems (so-call 
knight—knave puzzles), larger-step problems took longer to solve than did smalle 
step problems (Rips, 1989). 

Rule theories must also be evaluated according to their account of reasonit 
failures. Errors can occur if a logical rule does not exist, if there is a failure to app 
cules appropriately, or if the complexity of the task exceeds processing or capaci 
limitations (Kips, 1995). The actual circumstances of such failures are not well-spe 
ified, although limits on working memory and problems with the control mech 
nism responsible for applying the rules are potential contributing factors. Sevet 
researchers have attempted to argue that “actual reasoning” is logical, but errors m 
arise in the initial comprehension/encoding stage or in the final translation sta; 
(Braine & O'Brien, 1991; Henle, 1962; Marcus & Rips, 1979; Rumain, Conne 
& Braine, 1983). There is some evidence that comprehension errors may occur se” 
arately from the reasoning process per se (see Braine & O’Brien, 1991; Evans eta 
1993; Henle, 1962; Rumain et al., 1983). For example, the term if might be inte 
preted as a biconditional, as opposed to a conditional due to an everyday usage 
the English word if that is compatible with Gricean maxims of informativity a1 
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relevance (Rips, 1988). Logical reasoning may also be hampered at the outset if peo- 
ple are not encoding the logically pertinent aspects of the input. Researchers have 
posited that an availability bias (Pollard, 1982) or relevance heuristic (Evans, 1YR9) 
may lead people to focus on the salience of certain features and associated memo- 
ries that can lead chemi astray. 

Even if reasoning proceeds logically from encoding through the application of 
inference procedures, participants may still fall prey to errors in the statement or 
interpretation of conclusions. The most common of these errors is the belief bias 
(Evans, 1989; Evans, Barston, & Pollard, 1983; Henle, 1962). Belief bias occurs 
when participants evaluate the validity of an argument based on whether the con- 
clusion is compatible with prior beliefs, rather chan on logical entailment. Bee 
the effects of belicf bias are more pronounced with arguments that are not 
deducible, Rips (1995) suggests that this may be a strategy that participants use 
when they are unable to find a proof, {n addition, participants may misinterpret 
their task as one of evaluating confidence 
strict entailment. 


use 


in a conclusion, rather than evaluating. 


3. Learning and Transfer of Rules 


Where do the rules of nacural logic come from? Rips (1994) argues for innateness 
of basic logical abilities. He notes, however, that innateness does not necessitate per- 
fection in application of rules, nor does it preclude the possibility of fearning and 
improvement. E. E. Sinith et al’s (1992) criteria for rule-based accounts include two 
that are particularly relevant to learning and transfer: (a) successive uses of the same 
rule should show priming effects or Positive transfer, and (b) performance should 
improve with training on relevant rules. E. E. Sinith et al. (1992) found more cor- 
rect tests (using the Wason paradigm) of a permission rule following another per- 
mission rule than following an obligation rule. However, the transfer may have been 
due to shared surface similarities in the problem, which only helped when the rules 
were of the same type. Johnson-Laird et al. (1972) collected think-aloud protocols 
in a study of transfer in the selection task and found that only 2 of 24 participants 
recognized the underlying similarity between specific and abstract problems. This 
evidence contradicts the rule priming prediction as well as the general claim that 
the level of abstraction of problem content should not matter. 

There are mixed results on che issue of training. In one study, extensive training 
ON propositional logic rules (including modus tollens) failed to improve perfor- 
mance on the Wason selection task (Cheng, Holyoak, Nisbett, & Oliver, 1986). A 
Semester course in logic was equally ineffective. However, others (e.z., Fong, Krantz, 
& Nisbett, 1986) have found that abstract rule training, such as a course in statis- 
tics, did improve reasoning on problems involving the Law of Large Numbers (that 
larger samples are more representative of a population). Hoch and Tschirgi (1985; 
described in Evans, 1989) also report that master’s students perform better on this 
task than do bachelor’s students. 
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4. Criticisms of the Rule-Based Account 


Although the rule-based view is appealing and advantageous in some ways, the basic 
tenets of the view have been strongly challenged. General objections to rule-based 
theories inchide the observations that people make invalid inferences and that errors 
do not tend to be the trivial, irrelevant, or useless inferences that syntactic logic Wee 
predict (Johnson-Laird, Byrne, & Schacken, 1992). Along these ae 6] 2) 
incorporates goals and subgoals to constrain rule-driven anferencing. e very i ea 
that deductive reasoning is a matter of syntactic rule application has been Epa 
by researchers ted by Johnson-Laird (1983), who suggest an alate aia 
based on the notion of mental models, Evidence shows that it is not always the = 
that a zreater number of rules leads to a more difficult problem—for example, modus 
tollens is easier from a biconditional than a conditional (Johnson-Laird & Byrne 
1991; Jobnson-Laird et al., 1992; Johnson-Laird, Byrne. K bones nea oh. 
The syntactic, content-blind character of logical Te.tS asa weal ee ee 
soning has been challenged by researchers (including Cheng & cee k, 5 " 
response to a number of findings of content effects in aoe ae tps 
perform quite poorly on the abstract version of the Wason se se io : . ne 
Johnson-Laird, 1972) described above. The facilitatory effects of con a Bie 
task and the lack of transfer from content to abstract problems = cd : ats Hy 
explained. Furthermore, the matching, bias (matching the terms o} areas 
to the terms of the premises) only occurs with abstract or a Hers 
content problems (Evans, 1992; Griggs & Cox, 1983; Manktelow a vans Me 
Reich & Ruth, 1982). Rips (1990, 1995) suggests that content efteres ey be } 
least partially accounted for by the use of modal and deontic pe Suen 
operators such as PERMISSIBLE, Neca ea as well as nonlogical opera 
ions, availability effects, and analogical reasoning. oo 
ero ate ccoingetishei stage” explanations of errors ave snaps a sei 
of criticisms. Johnson-Laird (1983) notes that this comprehension aaa ee 
underspecified, and as such, may be a buffer against petistially fa mths fn ot 
ther, if prior knowledge interferes with correct abstract encoding, # ey a ple 4 - 
do better on abstract tasks than content-specific tasks—but clearly they : . * : 
positing a faulty comprehension stage does not lessen the need to prove en 
reason by natural logic (for instance, Evans, 1989, describes a pata rae . ae 
where faulty encoding is followed by manipulations of snetint ne ke s). $ ae 
icism may also be applied to the “flawed end processes uae 2 = : 2 
knowledge effects (¢.g., belief bias) alter performance even at tl 5 = ; ae F 
soning, then content-free abstract rules scem less plausible (Evans et al., 1993). 


C. Reasoning by Mental Models 


: . ' : ea 
We begin this section witha brief clarification: the term mental models eee ‘ust 
= band a 
in different ways. The mental models approach to deductive reasoning Oo Jo! Nisor 
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Laird (1983) and his colleagues should be distinguished from the use of mental mod- 
els for reasoning in knowledge-rich domains (Gentner & Stevens, 1983). The lat- 
ter version focuses on the representation and application of long-term belie& about 
domains and devices. Although the two theories share some similarities, they differ 
in their representational and processing assumptions as well as in the core phenom- 
ena they aim to explain. In this section the term mental models will refer to the kinds 
of analog mental models described by Johnson-Laird and his colleagues; in ca 
where we contrast the two kinds of mental models, we will use the terns analog 
niental models and causal mental models for the sake of clarity. 


1. Reasoning by Models 


According to the mental models theory of reasoning (Johnson-Laird, 1983; John- 
son-Laird & Byrne, 1991; Johnson-Laird et al., 1994), human reasoning is more con- 
cerned with the truth conditions in the world (semantics) than about logical form 
(syntax). The argument is that people do not reason using abstract rules, but rather 
they construct and combine mental models and generate inferences consistent with 
those models, The models are based on the given premises and on gencral seman- 
tic knowledge including the meaning of quantifiers and connectives. Models con- 
sist of symbolic tokens that represent the properties of entities and preserve the rela- 
tions between entities. These models are essentially envisioned situations representing 
the eruth conditions of propositions, but they are not assumed to take on any par- 
ticular subjective form (perceptual, propositional, ete.); rather, it is the structure of 
the models that is important. 

Mental model theory was originally formulated to explain syllogistic reasoning, 
but it has been extended fairly broadly. The reasoning process begins with the for~ 
mation of models representing situations based on the premises. Consider the fol- 
lowing deduction (from Johnson-Laird et al., 1994): 


Either there is a student or a professor in the room. 
Actually, there is no professor in the room. 
Therefore, there is a student in the room. 


The initia} model structure of the premises might be represented as: 


s§ 
P 

where s refers to a situation involving a student in the room, and p refers to a situ- 
ation involving a professor in the room. Each separate row represents a separate 
model to indicate that either one or the other condition is-true in the world. When 
one model is raled out in the second statement, then the other model can be used 
as the basis for a valid conclusion. 

For more complex situations with heavy demands on working memory and for 
reasoning with conditionals, possible models may be represented implicitly by a 
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“mental footnote.” These footnotes constrain the content of alternate models if they 
need to be made explicit. As an example of explicit and implicit models, consider 
the conditional, “If there isan A on the board, then there is a 2 on the board” (from 
Johnson-Laird et al., 1994). One may need to represent only the premises in an 
explicit model: 


Al 2 


The ellipses represent other implicit possibilities, such as the possible existence of a 
model of the world that contains only a 2. The brackets represent noting that any 
further models must not contain an A because A is exhaustively represented in the 
first model, 

Once the explicit mental models are formed, they are then combined with one 
another to form the most parsimonious description of possible situations in the 
world. This revision process to reduce redundancy and eliminate inconsistencies 
is carried out according to a program of procedural rules. Mental model theorists 
emphasize that these rules are not the same as abstract, deductive rules. Instead 
these rules serve to translate verbal propositions to a spatial or symbolic array rep- 
resentation. After the explicit models have been formed and combined, conclu- 
sions can be formulated based on what holds true in the models. Useful conclu- 
sions may arise featuring information not explicitly stated in the premises 
However, a conclusion is not accepted until a search for alternative models ha: 
been carried out. The specifics of this search mechanism remain sketcuy (see 
Johnson-Laird, 1989, for a possibility). If no alternative model is four d, thet 
the conclusion is accepted as valid. Conversely, discovering an alternative 
means returning to the process of formulating a conclusion based on the updatec 
models. 

The criteria for evaluating the mental model theory are similar to those put fort! 
for rule-based theories. In particular, mental model theory needs to be able tc 
account for situations in which people reason correctly or make mistakes. It shoul 
also explain the pattern of those mistakes, as well as the existence of content effect 
and biases, and the determinants of difficulty and reaction time in solving problems 
The mental model account posits that people are generally logical, but may fail t 
validate conclusions using alternate models or may construct models poorly (tha 
is, they fail to flesh them out when required). Errors that occur should not be ran 
dom, but rather should match incomplete models. People should make more errors 
and take longer to solve problems that require the construction of more explici 
models (since each must be checked for inconsistencies with the others). Sucl 
measures should also correlate with the complexity of the models required, whic! 
requires more working memory load and a longer processing time as well. In th 
Mason task, mental model theory predicts that reasoners will only consider thos 
cards that are represented in their explicit models, and will choose only those card 


158) Kenneth J. Kurtz et al. 
whose hidden sides appear relevant to establishing the truth or falsity of the rule 
(Evans et al., 1993). Hence, the logically correct falsifying card will only be chosen 
when models have been fleshed out to include that card: some content domains will 
facilitate this process more than others. 


2. Support for the Mental Mode! Theory of Reasoning 


Evidence that people can reason across levels of abstractness and Famil rity (Byrne. 
1991; Evans, 1977; Marcus & Rips, 1979) can be taken as support for both rule- 
based and mental model theories. The use of mental models is quite general, in that 
it only requires a knowledge of the connective or quantificational terms present in 
the premises and conclusions, Yet it is purported to account for specific knowledge 


effects as well. The mental model account is consistent with Teports of matching 
bias, if a claimed, negative premises tend to elicit representations of corresponding, 
positive situations (Evans et al.. 1993), Likewise, the facilitative versions of the 
Wason task may be describable as facilitating-explicit representations of negative 
instances. This explanation is most convincing when applied to particular manipu- 
Jations, such ay the reduced-array task and facilitative versions with explicic “look 
tor violators” instructions (Griggs & Cox, 1982; Johnson-Laird & Wason, 1970; Pol- 
lard & Evans, 1987). Evans (1989) concludes that the belief bias is a result of “selec— 
tive scrutiny”; hence, one could imagine that certain versions of both rule-based 
and mental model theories could accommodate it. 

There is some evidence that problems are rated as more difficult when a greater 
number of models is required (Johnson-Laird et al., 1992). Difficulty is alse linked 
to the complexity of the initial model (Johnson-Laird & Byrne. 1989). Bauer and 
Johnson-Laird (1993) report that a diagrammatic format of premises (that makes 
alternate possibilities more explicit) leads to faster and more valid conclusions than 
does a verbal format of premis 


s. In the domain of discourse, participants remem- 
bered passages of text that called for a single model of a spatial layout more casily 
than those that were consistent with more than one model (Johnson-Laird, 1989). 
Additionally, participants’ errors on discourse memory have been found to be con- 
sistent with the formation of mental models of described situations (Bransford, Bar- 
clay, & Franks, 1972). 

The predictions of the mental model theory at times seem difficult to distin- 
guish from those of the rule-based theories. However, the mental models theory, 
but not the rule-based theory, can explain certain findings—such as the fact that 
modus tollens problems are easier to solve in biconditional than in conditional form, 
and the greater difficulty of inferences based on exclusive, rather than inclusive, dis- 
junction (Bauer & Johnson-Laird, 1993; Evans et al., 1993; Johnson-Laird & Byrne, 
1991; Johnson-Laird et al., 1994). Likewise, the observation that people will sup- 
press both invalid and valid inferences when encouraged to think about alternate 
causes of a consequent can be seen to support mental model theory, but not the 
tule-based theory (Byrne 1989; Johnson-Laird & Byrne, 1991). 
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3. Learning and Transfer with Mental Models 


Mental models can indeed be taught, according to Johnson-Laird (1989). He poin 
to studies of representation of beliefs about natural phenomena (Forbus, 1983; Gent 
ner & Gentner, 1983; Kempton, 1986; McClosky, Caramazza, & Green, 1980) ¢ 
imply that a novice-to-expert shift involves mental models. However, as noted ear 
lier, Johnson-Laird’s theory of reasoning by mental models is not interchangeabl 
with the mental model theories under consideration in the research cited above 
The different mental models theories—while not completely unrelated—mak 
different assumptions about representation, use distinct notational systems, an 
make use of different expectations about the role cf world knowledge in model: 
Nonctheless, the mental models theory of reasoning leaves room for learning an 
improvement. For example, Bauer and Johnson-Laird (1993) note that diagran 
may help people reason because they make alternate possibilities explicit. 

On the issue of development, Johnson-Laird and Byrne (1991) posit th: 
what is innate is a capacity to build mental models of the world and search for alter 
nati ‘¢ models, Linguistic abilities, the capacity of working memory, and metacog 
nition develop through learning and maturation, The authors cite evidence thi 
syllogistic reasoning is hanypered in 7-year-olds by a lack of understanding of quan 
tificational terms, and thar somewhat older children can reason with one, but n¢ 
with multiple models (Inhelder & Piaget, 1964, described in Johnson-Laird ¢ 
Byrne, 1991; Johnson-Laird, Oakhill, & Bull, 1986). Rips (1994a), however, coun 
ters that basic logical operations (such as “and”) could hardly be learned if one di 
not already possess some kind of understanding of what “and” entails. 


4. Criticisms of the Mental Model. Account 


Studies have not always upheld the mental model prediction that difficulty is relate 
to the number of explicit models needed (Byrne & Handley, 1992; Rips, 1990 
Worse, it is not always clear how to count models in a consistent way (¢.g., Bonatt 
1994). Much of the time, predictions about difficulty really do not distinguis 
between the mental model and rule-based theories. There have also been reporte 
cases where the number of models needed would be intractable, but people avoi 
fallacies and draw inferences (O'Brien, Braine, & Yang, 1994). 

Many of the criticisms of mental model theory relate either to its lack of spec 
ficity or to the possibility that procedures for manipulating models are essential 
rule-based and syntactic at heart. On the first point, critics have argued that tk 
mechanisms for comparing and falsifying models are left unspecified (Polk, 199: 
Rips, 1994b). The theory is similarly vague about how people retrieve counteres 
amples and at what point they flesh out their models. Another area of difficulty 
the nature of the representations used. In contrast to causal mental models (e.g 
Gentner & Stevens, 1983; Halford, 1993; Kempton, Boster, & Hartley, 1994; Kier 
& Bovair, 1984; McCloskey, 1983; Miyake, 1986; Schwartz & Black, 1996; B. Tve 
sky, 1991), which use explicit representational conventions derived from predica 
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calculus or from qualitative reasoning to represent beliefs, mental models in the 
deductive reasoning tradition rely largely on an intuitive set of spatial conventions. 
For example, the statement “there is a tiger and there is an ox” would be notated 
in the same way as the statement “the tiger is on the left of the ox” or even “the 
tiger is hungrier than the ox:” 


This representational indeterminacy means that much of the interpretation is 
external to the actual model: there must be distinct processes not reflected in the 
model representation to deal with different logical interpretations of the same sur- 
face form. In essence, the mental models theory has been accused of making 
assumptions that are not represented in the models themselves. Johnson-Laird and 
his colleagues have responded to these charges Johnson-Laird & Byrne, 1990, 1991, 
1993), noting that all represcntation models require interpretation. Nonetheless, the 
representational indeterminacy makes it difficult to connect these analog mental 
models with long-term belief systems (in which “left of” and “hungrier than” are 
distinct relations). In response researchers in the analog mental models tradition can 
maintain that their interest is in on-line processing, not in long-term storage. Finally, 
the question arises how implicit models can be unconscious yet in working mem- 
ory (Braine & O'Brien, 1991; Rips, £989). Johnson-Larid and Byrne (1993) counter 
that reasoning processes should not be expected to be fully introspectible. Holyoak 
and Spellman (1993) argue that the very notion of an implicit model is at odds with 
the “vivid” quality of mental models. 

Critics have also asserted chat mental models are essentially rule-based. Joliison- 
Laird and his colleagues claim that procedural rules for manipulating models are not 
abstract inference rules. But routines for manipulating models can be seen as abstract 
rules (Braine, 1993; Rips, 1988, 1990), as, for example, they must be general enough 
to recognize identity between any two tokens connected by “=.” Rips (1994b) 
points out that mental model representations of some entailments are isomorphic 
to natural logical propositions and can be manipulated to the same effect. The two 
camps have also clashed on the issue of whether mental models are really semianti- 
tally privileged (see Johnson-Laird, 1989; Rips, 1994b). Lastly, Rips (19944) has 
issued a challenge for mental model theorists to demonstrate their usefulness and 
predictive power over and above that of rule-based theories, as (he argues) mental 
model accounts fare no better than rule-based accounts on the issues of Jearnabil- 
ity and the use of world knowledge. 


D. Pragmatic Reasoning Schemas 


The theory of pragmatic reasoning schemas (PIS) (Cheng & Holyoak, 1985, 1989: 
Holyoak & Cheng, 1995) draws on many of the same assumptions as causal mental 
models—including structured representations and complex inferential processes 
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that operate over them. The theory arose in response to growing interest in content 
effects in the Wason selection task and has been tested almost exclusively within this 
paradigm. According to the PRS approach, content effects in deductive reasoning 
reflect the centrality of goals and knowledge structures. People do not reason with 
content-free syntactic rules, nor with analog mental models, when faced with real- 
istic situations; rather, they access and apply certain generalized sets of procedures 
that are organized by classes of goals. PRS are abstract rule sets induced by prior 
experience. Unlike purely syntactic rules, PRS are context-sensitive and may be 


extended to interpret both logical (e.g., “if-then”) and nonlogical terms (¢.g., “pre- 
dict”). 


{. Reasoning by Pragmatic Reasoning Schemas 


Although PRS include knowledge structures evoked by “obligations,” causations,” 
“precautions,” and others, the prototypical and most frequently studied PRS is that 
of “permissions.” The Drinking Age problem described above (“If a person is drink- 
ing beer, then the person must be over 19 years of age”) is an example of a per- 


mission schema, Permission schemas contain a core of four abstract rules (Cheng & 
Holyoak, 1985): 


Rule 1: If an action is to be taken, then the precondition must be satisfied. 

Rule 2: If the action is not to be taken, then the precondition need not be sat- 
istied. 

Rule 3: If the precondition is satisfied, then the action may be taken. 

Rule 4: [f the precondition is not satisfied, then the action must not be taken. 


These rules become available when a permission schema is evoked by the context 
of a problem or situation. Once evoked, such rules lead to inferences that facilitate 
performance on schema-relevant forms of the Wason task (such as the Drinking 
Age problem). Facilitation is likely because Rules 2 and 3 above prevent certain fal- 
lacies (denial of the antecedent, affirmation of the consequent) that tend to occur 
with abstract and arbitrary versions of the Wason task. Note, however, that facilita- 
hon is nota foregone conclusion: logically correct performance depends on which 
schema is evoked (if one is evoked at all), Schemas are cued when the purpose of a 
rule statement becomes recognized. Specifically, permission—obligation schemas 
apply to rules with a social purpose imposed by authority. 

The PRS view claims to account for che pattern of content effects observed in 
the Wason task. Familiar contexts (e.g., the Postal rule for people in countries with 
such a rule) are the most strongly facilitative because of past specific experience 
with such rules. However, performance with unfamiliar, but realistic, rules may still 


be facilirated—the appropriate schema is likely to be recognizable as a general type 
even though the specific rule has never been encountered. For example, the Sears 
problem (“Ifa purchase exceeds $30 then the receipt must be approved by the 
departmental manager”) is not likely to be specifically present in memory, nor is it 
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particularly likely to cue counterexamples as some researchers have suggested as a 
possible explanation (Griggs & Cox, 1982; Manktelow & Evans, 1979: Reich & 
Ruth, 1982). Rather, the Sears problem evokes a general permission schema that 
may be familiar to many people. Arbitrary or abstract problems (c.g. che haddock / 
gin rule, the original Wason task) do not evoke a schema and thus produce few log- 
ically correct responses. There is evidence that in the face of many abstract prob- 
lems, participants may resort to nonlogical strategies, such as matching the form of 
the conclusion to that of the premises (Manktelow & Evans, 1979; Reich & Ruth, 
1982). Indeed, we have noted above that the matching bias occurs with abstract 
problems, but is quite unlikely to occur in problems with realistic content. 

The PRS approach does not account for those occasions when participants rea- 
son logically on abstract problems. PRS theorists acknowledge that syntactic knowl- 
edge structures exist, but assert that the pragmatic level takes priority in reasoning 
(Cheng & Holyoak, 1985), Presumably, PRS would also take precedence over any 
domain-independent analog mental model procedures—though little is said on this” 
point, 


2. Support for Pragmatic Reasoning Schemas 


Cheng and Holyoak (1985) attempted to facilitate performance on a conditional 
reasoning task by providing a rationale for problems that night otherwise appear 
arbitrary. They used a variant of the Postal cule (“If an envelope is sealed, then it 
must have a 20 cent stamp”) and what they termed the Cholera rule (IF a passen- 
ger’s form says ‘Entering’ on one side, then the other side must include ‘cholera’ *). 
They also varied the familiarity of the problem: content by using two populations 
of participants—one of which was familiar with such postal rules. Both rules were 
presented with context (e.g., “You are a postal clerk working in a foreign country 
.« +) and cither with or without a rationale (c.g., “The rationale for this regulation 
is to increase profit from personal mail, which is nearly always sealed .. 2"). 

The pattern of results confirmed predictions: the rationale versions were highly 
facilitatory for both populations of participants, while the no-rationale version of 
the Postal rule was facilitatory only for participants familiar with the rule. Thus, in 
the absence of specific experience with a domain, the presence of schema-cvoking, 
context resulted in a higher percentage (about 88%) of correct responses than did 
the exact problem without such context (about 60%). More striking were the results 
of a permission problem given an abstract form (“IF one is to take action ‘A’ then 
one must first satisfy precondition ‘P’ ”). While 61% of participants correctly solved 
the permission problem, only 19% solved a ‘modified version of the letters and 
numbers Wason task that presuinably did not evoke a permission schema (Cheng & 
Holyoak, 1985; see also Jackson & Griggs, 1990). 

Instructions to check for “violations” of a rule were found to be more facilita- 
tory than instructions to determine truth or falsity of a rule—but only for those 
problems with some meaningful content (Griggs, 1983; Yachanin, 1986). Thus, 
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highlighting potential violations may make permission—obligation schemas easier 
to evoke in realistic problems. However, the impact of PRS goes beyond mere vio- 
lation checking. Cheng and Holyoak (1985) found chat when participants were 
asked to rephrase rules (from “only-if” to “if-then”, or vice versa), they were inore 
likely to insert a model (e.g. “can.” “must”) for permission statements than arbi- 
trary statements. This task was linguistic in nature and involved accessing declara- 
tive knowledge. Lastly, due to the semantic nature of PRS‘tules, this approach can 
account for differences in acceptability between contrapésitives (switching p and 
q: “If not everyone will die, then the bomb does not explode”). The rule-based 
approach must appeal to interference from pragmatic knowledge to account for this 
result. 


3. Learning and Transfer of Pragmatic Reasoning Schema 


As for causal mental models in general, PRS theorists ciaim that these knowledge 
structures are acquired through ordinary life experiences. Indeed, performance on 
selection tasks with realistic content increases systematically between 10 and 18 
years of age (Girotto, Light, & Colbourn, 1988; Overton, Ward, Noveck, Black, 
& O'Brien, 1987; Ward & Overton,’ 1990). Six- and seven-year olds can perform 
respectably on a reduced array (binary) permission version, and 10~1t-year-olds 
and 14—15-year-olds show high facilitation for a full (4-card) permission version 
(Girotto, Gilly, Blaye, & Light, 1989). Cheng and Holyoak (1985) found that train- 
ing adults on formal rules was ineffectual, but training on the nature of obligations 
facilitated performance on conditional rules that could be seen as evoking an oblig- 
ation schema (but also see Fong et al., 1986). 

The transfer performance seen on the Wason task (from content problem to con- 
tent problem and abstract problem to abstract problem, but usually not from one 
problem type to the other) has implications for PRS and rule-based theories. As 
noted earlier, Cox and Griggs (1982) found that an urfrailiar rule, “If a person is 
wearing blue, then the person must be over 197" is facilis wory only when presented 
after the Drinking Age problem. The Clothing Age rule is not in itself a clear per- 
mission rule—it may be interpreted as simple co-occurrence, which would not 
facilitate reasoning performance. However, when the Clothing Age problem is pre- 
sented after the Drinking Age problem, participants may reason by analogy to the 
earlier problem and hus interpret the second problem in terms of permission, 


4. Criticisms of the Pragmatic Reasoning Schemas Account 


As mentioned carlier, the PRS view cannot account for above-chance performance 
on abstract tasks (Evans, 1991). Furthermore, it has been argued that permission 
rules are reducible to logical rules (Rips, 1988). However, such a stance becomes 
difficult to defend in light of findings that (a) realistic content improves reasoning 
performance—so much so that children perform better with permission versions 
than adults do with abstract versions; (b) participants rephrase PRS and abstract ver~ 
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sions of rules differently; (c} differences in acceptability occur for different phras- 
ings with the same logical syntactic form; and (d) and PRS training and formal Jog- 
ical training lead to different levels of improvement on the selection task. PRS 
adherents emphasize that although PRS are indeed made up of abstract procedural 
rules of propositional form, these rules are context-sensitive in nature. Critics have 
also argued that the PRS account is insufficiently specified (Oaksford & Chater, 
1993) and that PRS are not the only ways that knowledge can be organized and 
applied (Johnson-Laird & Byrne, 1991). Manktelow and Over (1991) suggest that 
a more likely division between facilitative and nonfacilitative content might be 
between deontic (if-may/iuse) and indicative (ifthen) conditionals. Almor and 
Sloman (1996) assere that even nondeontic contexts that evoke “clear expectations” 
cau be facilitatory. Rips (1990) has noted that modal logics already have terms 
with which to handle these types of problems (the operators PER.MISSABLE and 
OBLIGATORY). 

Another line of criticism centers around a possible confound in Cheng and 
Holyoak’s design (Cosmides, 1989; Grigys & Cox, 1982; Jackson & Griggs, Wu). 
Although the PRS rule contained explicit negatives for not-p and not-q (e4 as 
not taken action ‘A’ "), the original Wason task contained only implicit negatives. 
This is potentially a serious confound since Evans et al. (1983) have shown that 
explicit negatives facilitate logical performance and reduce matching bias. Jackson 
and Griggs (1990) found that facilitation on abstract permission and obligation rules 
disappeared when isnplicit negatives were used (though the use of explicit negatives 
did not facilitate performance on the arbitrary rules). However, this criticism over- 
looks the fact that Cheng and Holyoak (1985) adapted the arbitrary Wason rule to 
fit the explicit logical form of their permission rule, 

In sum, PRS occupy a middle ground between the storage of specific content 
knowledge and content-free abstractions. Although they are triggered by context, 
the reasoning rules themselves are abstract and propositional in nature. They are 
brought about by general learning processes that may be the same as those under- 
lying the acquisition of categories and general memory schemas, but PRS rules are 
restricted in application to certain deontic contexts. PRS rules have been presented 
as an endpoint——no account has been offered of how learning could proceed be- 
yond the schemas toward content-free abstractions. 


E. Social Contract: Theory 


The social contract theory (SCT) (Cosmides, 1989) was developed as an alternative 
to the PRS account of content effects in reasoning, According to Cosmides (1989), 
other theories fall short because they appeal to content-independent processes to 
explain content-dependent behavior (even the PRS theory posits that content- 
independent processes of induction are used to include content-specific schemas). 
In contrast, the SCT proposes a content-specific module that is specially adapted 
for reasoning about social contract problems (that is, those dealing with coopera- 
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tion between two parties for mutual benefit). The idea is that SC schemas came 
about evolutionarily due to adaptation. pressures resulting from living in social 
groups. Human beings innately possess mechanisms and procedures that exist specif- 
ically to reason about SCs and to detect cheaters—to ensure that no benefits are 
taken without the. appropriate costs. Because SC reasoning is modular and innate, 
buprovements due to learning and development are difficult to reconcile. 

When triggered by appropriate content, these specialized mechanisms function 
by calling up procedural knowledge that leads to content-appropriate inferences. As 
with PRS, SC schemas generate inferences that may or may not be consistent with 
logic. According to Cosmides (1989), the problem contents that are consistently 
facilitatory are those that invoke the cost-benefit structure of social contracts, Such 
content would induce the reasoner to look for the “cost not paid” and the “bene- 
fit accepted” cards in order to investigate potential cheaters. When these cards are 
the same as the logically correct cards (“p” and “not-q”), performance will be facil- 
itated. Proponents of SCT argue that SC rules are not reducible to logical rules. 
They further argue that PRS owe their facilitatory effects to the presence, stated 
or imphed, of cost-benefit structure. SC reasoning is not simple memory cuing 
because it occurs with unfamiliar problems that have cost-benefit structure, 

Cosmides (1989) manipulated familiarity and context in four experiments to pit 
the SCT against rule-based and availability (memory cuing) theories. SC rules (in 
the form of “If you take the benefit (p) then-you pay the cost (q)”) were contrasted 
with switched SC rules (in the form of “If you pay the cost (p) then you take the 
benefit (q)”). For SC rules, the cards corresponding to p and not-q were both rele- 
vant to cheater detection and logically correct. However, for switched SC r-iles, the 
cards corresponding to not-p.and q were relevant for cheater detection, but logi- 
cally incorrect. Rules were presented in the context of rather lengthy stories that 
varied in terms of familiarity and cost-benefit structure (SC/switched SC/non- 
SC). Cosmides found high facilitation for unfamiliar SC problems, but little facili- 
tation for unfamiliar non-SC problems—ruling out pure memory cuing hypothe- 
ses and contrary to. predictions of rule-based views. Additional experiments 
(Cosmides, 1989) pitted the SCT against the PRS theory. An SC rule was tested 
along with a non-SC permission rule with a social purpose (that is, the rule had the 
action-precondition representation, but. no cost-benefit structure). SC responses 
were about twice as frequent for the SC rules than for the non-SC permission 
rules—suggesting a privileged status for reasoning about social contracts. It was con- 
cluded that facilitation on permission mules in past experiments occurred because 
the permission rules’ context led them to be interpreted as social contracts. 


In the selection task, participants performed better with instructions to look for 
“violators,” which encourages a search for cheaters (Gigerenzer & Hug, 1992; 
Griggs, 1983; Yachanin & Tweney, 1982). Further, the Clothing Age rule discussed 
above was not facilitatory unless it was presented after the Drinking Age rule. Pro- 
ponents of SCT have taken this to mean that the cost-benefit structure of the sec- 
ond rule was made apparent by comparison to the first. Lastly, for rules such as “If 
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an employee gets a pension, then that employee must have worked for the firm for 
at least 10 years,” participants turned over different cards depending on whether they 
took the perspective of the employer or the employee—this corresponds to the pre- 
dictions of SCT, but not formal logic or PRS (Gigerenzer & Hug. 1992; Mank- 
telow & Over, 1991; Politzer & Nguyen-Xuan, 1992). 

Despite this evidence, the SCT account faces a number of serious criticisms. 
Evans et al. (1993) point out that even though non-SC permission rales led to Jess 
facilitation than SC rules (Cosmides, 1989; Gigerenzer & Hug, 1992): non-SC. cules 
still Jed to a much higher percentage of correct choices than in a standard abstract 
Wason task. Thus, SCT does not provide a full account. A major point of debate is 
Cosmides’s classification of some PRS problems as SCs. As Cheng and Holyoak 
(1989) point out, Cosmides (1989) wavers between a definition of a social contract 
as an exchange situation where a cost must be paid and one where a requirement 
must be“met. By this latter criteria, permission rules are somewhat questionably 
reclassified as SCs. For example, 
av SC, though 2 


tosmides classifies the Drinking Age problem as 
dining a certain age cannot easily be seen as paying a cost to an 
individual or group. In the Cholera problem (inoculation for protection against dis- 
case) and other examples, the rule is more of a conditional obligation than a paid 
cost, These cases facilitate performance reliably (Cheng & Holyoak, 1985; Evans, 
“1982; Grigys & Cox, 1982), but are not convincing as SCs. Manktelow and Over 
(1990) found facilitacion for PRS rules that arg clearly not SC rules such as. “TF you 
clean up spilt blood, then you must wear rubber gloves.” Such a rule does not, in 
any sense, imply a cost-benefit exchange or opportunity for cheater detection. 
Cheng and Holyoak (1989) claim that even Cosmides’s own examples (such as “1 
aman eats cassava root, then he must have a tattoo on his face") may be more com- 
fortably classified as permission rules than cost-benefit exchanges. Cosmides and 
Tooby (1992) counter that the “benefie” and “cost” terms do not presuppose the 
values that the parties in the exchange assign to the terms. 


HH. REASONING BY SIMILARITY: STRONG METHODS 


A sizable share of the reasoning situations that people encounter do not scent to be 
resolved by formal abstract procedures, but instead by strong methods chat rely heav- 
ily on content knowledge to support predictive inferences (Rumelhart, $989). Such 
methods are characterized by Equation (2) in which the knowledge component & 
plays a critical role in the flow from evidence to inferences. The evidence is often 
assumed to be represented in terms of the presence or absence of features or values 
along dimensions (but see-section IV.A for an alternative assumption that the evi- 
dence is represented structurally). Categorization and statistical likelihood estimia- 
tion are examples of mechanisms that operate over stored knowledge or experi- 
ence. 


Sunilarity is frequently posited as the key psychological construct underlying 
strong methods (e.g., Sloman, 1996). Hahn and Chater (1998) suggest that similar- 
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ity-based reasoning can be distinguished from rule-based reasoning by its use of pa 
tial matches. Although situations vary in the extent to which they match a store 
example or category, there is no way to partially trigger a rule. Strong methods gai 
power and flexibility by relying on best matches rather than perfect matches. But; 
the quality of the match varies, so might the quality of the resulting inference. Wea 
forms of reasoning have a high threshold for activation (e.g., matching a rule to th 
evidence), but the logical validity of the resulting inference is guaranteed. 

We focus our discussion of strong methods on a subset of knowledge-drive 
approaches, including (a) reasoning driven by the use of category representation 
(b) reasoning driven by computations over data (i.c., statistical and connectioni 
approaches), and (c) reasoning as a set of heuristics and biases, In section IV, we foct 
on the strong method of reasoning by analogy and consider wider implications ¢ 
comparison processes, 


A. Reasoning by Categorization 


Categorization itself can be thought of as a reasoning process in which the cate 
gory assignment is the conclusion and the featural evidence serves as premises (Ho: 
land, Holyoak, Nishett, & Thagard, 1986) or in which the properties of an instanc 
count as evidence to be explained by a theory-based category (Murphy & Medit 
1985). However, we focus in this section on the property-level inferences that ca 
be made by assigning instances to categories. Once category membership has bee 
established, the knowledge stored in the category representation becomes a resourc 
for generating inferences about the new member. 

This inductive potential varies with the nature of the category representation 
The number, kind, and validity of candidate inferences depend on how categorie 
are structured (see Medin & Heit, Chapter 3, this volume, for detailed discussion « 
the various accounts). Some theorists posit that categories consist of sets of defir 
ing criteria. An alternative representational assumption is that categories are struc 
tured by prototypes that store information about the central tendency across men: 
bers. In this case, the candidate inferences are based on which features are likely ¢ 
be present or what values the dimensions tend toward; but these are reasonab! 
guesses with no guarantee of validity. A third view is that category representatio 
is exemplar-based; membership is determined by similarity to one or more specif! 
exemplars. In this case, properties of particular exemplars are candidate inference 
A more recent viewpoint considers categories to be intuitive theories made up « 
properties organized by explanatory principles. In this case, candidate inferenci 
may be warranted by convincing causal links rather than correlational history, 

The theory view of categories has provided a framework for investigations « 
what kinds of inferences are drawn about what kinds of categories. It has bee 
argued (Carey, 1985; Keil, 1989) that people's understanding of natural kind cate 
gories, such as biological categories, is grounded in theories that specify the caus 
basis or nature of che category. Gelman and Coley (1991) suggest six properties th 
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characterize natural kinds categories: (a) rich inductive potential—the capacity to 
generate inferences; (b) nonobvious basis—they capture deep similarities that might 
not otherwise be noted; (c) essence—a unique core property responsible for the 
surface properties (see also Medin & Ortony, 1989); (d) existence of anomalies — 
reflecting the idea that core properties, not surface properties, constitute the essence 
of natural kinds; (e) division of linguistic labor—the recognition that expert knowl- 
edge of a category’s basis may exceed one’s own; and (f) corrigibility—the belief 
that as theories are revised, theory-laden categories can change. In contrast, artifact 
concepts—such as bicycle and grater-—are typically structured around functional 
characteristics and, along with nominal kinds—such as triangle, bachelor, and pet—~— 
offer a narrower range of inductive potential than natural kinds (Keil, 1989, 1991b). 
Within a domain, instances can be categorized at rnultiple levels of abstraction. 
Rosch, Mervis, Gray, Johnson, and Boyes-Braem (1976) interpreted the superordi- 
nate, basic, and subordinate levels of categorization in terms of varying degrees of 
informativity (these levels may be specific to American undergraduates: see Medin 
» 8 Heit, Chapter 3, this volume, for more about differing taxonomies). According 
to Rosch, che more specitic the categorization, the more inferences are made, 
though the subordinate level does not add much beyond the privileged basic level. 
The few inferences made at more superordinate levels (e.g. if X is an animal, then 
it has a body) afay be the most likely to be valid, but the least likely to be useful. 
Although ic is commonly assumed that taxonomic inheritance from superordi- 
nate to subordinate categories is a basic and relatively general reasoning, process, 
recent evidence suggests that the story may be more complex. Sloman (1998) found 
that participants tested on inductive projections with arbitrary properties did not, 
in fact, consistently follow taxonomic inference rules. For example, they might fail 
to infer that a property true of a superordinate category (c.g, electronic equipment) 
was true of its subordinate category (¢.g., stereos). Instead, the similarity of the two 
categories predicted judgments. Sloman argues that this ca 
ential strategy of the rule “It belongs to Category X, so it must have the properties 
of Category X” and instead prompts consideration of a similarity-based strategy 
such as “Ie is like Example X, so it is likely to have the properties of 


Is into question the inter- 


mple X, 


B. Reasoning across Categories: Category-Based Induction 


Categories can also be useful for reasoning about other categories. Say a reasoner 
needs to know whether a particular property is true of dogs, but no relevant infor- 
mation is included within their concept of dogs. If the status of the property is 
known with regard to another category (¢.g., cats) 
a basis for inductive reference. The reasoning process in thi 
categorizing an instance as a cat (as described above}, but instead amounts to using 
what is known about cats to evaluate a possible property of dogs. 

Gehnan and her colleagues have carried out extensive res 


«this other category can serve as 
eis nota matter of 


arch on the develop- 
ment of category-based induction (CBD (e.g., Davidson & Gelman, 1990; Gelman, 
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1988, 1989; Gelman & Coley, 1991; Gelman & Markman, 1986, 1987). For exam- 
ple, Gelman and Markman (1986) studied children’s inductions using a paradigm i1- 
which a target instance was given the same label as one standard, but was highly 
similar in appearance to a second standard. The task pits perceptual similarity against 
category membership (as indicated by the common label) in order to ask whether 
children would use inductive projection based on the category given the two stan- 
dards. Young children (like adults) tended to extend the property from the case with 
the shared label—demonstrating reliance on category membership as an inferential 
basis. Perceptual similarity was a factor, but shared category dominated. 

Davidson and Gelman (1990) obtained a different pattern of results using novel 
objects (e.g.. a gnu-like aninial), novel labels, and unfamiliar properties (e.g., “has 
four stomachs”). Children were taught a property of one animal, and then asked 
whether or not the property would be present in another animal. The researchers 
found that 4- and 5-year-old children made more inferences for animals that were 
perceptually similar to the standard (about 75%) than for those that were perceptu- 
ally dissimilar to the standard (about 45%). There was no effect of shared labels 
whether novel or familiar, to a version in which the correlation between similarity 
and common label in the stimulus set was increased, common label did have an 
efect when supported by appearances. When there was a conflict between labels 
and appearances, children based their inferences on appearances. Children’s induc- 
Hons appear to be influenced both by perceptual similarity and by common cate- 
gory labels: 

Osherson, Smith, Wilkie, Lopez, and Shafir (1990) conducted an extensive study 
of adult CBE using arguments of the form "Cats have property P. Therefore mam- 
mals have property P™ Inductive arguments of this kind can be classified as general 
or spreifie In general arguments; like the one above, the conclusion category is more 
general than (.c., includes) the premise category /ies. In specific arguments, the con- 
clusion category lies at the same level of specificity as the premise and belongs to 
the same superordinate category /ies (Osherson et al., 1990), An example is: “Cats 
have a lett aortic arch. Therefore, badgers have a left aortic arch.” 

The dependent measure in this paradigm is the strength of the argument that the 
property is true of the conclusion given that it is true of the premise(s), Note that 
the property in question is unlikely to be part of the representation of the conclu- 
ston category. The use of blak predicates (Osherson et al., 1990) sets up the task as 
4 comparison between the premise and conclusion categories rather than evalua- 
on of the validity of the property relative to the conclusion category. Although 
this clearly qualifies us a strong method of reasoning because the results are heavily 
dependent on category representations, it is (by design) less knowledge-intensive 
and more reliant on general processes than reasoning by categorization—the senian— 
ue content of the inference (the blank predicate) is disconnected from the seman- 
te content of the conclusion category. 


Osherson et al. (1990) have identified a constellation of phenomena in which 
ed inductive arguments varies systematically with the 


the strength of category- 
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nature of the premise and conclusion categories and the relationship hetween them. 
In the similarity phenomenon, greater similarity between the premise and conelu- 
sion categories leads to greater argument strength. For example, given that mice 
have a property, one is more likely to attribute the property to rats. than to elk. [n 
addition, general arguments are stronger when they are based on more typical 
premises. This typicality phenomenon extends Rips'’s (1975) finding of increased 
likelihood of generalization with greater typicality of the premise category. Gen- 
eral arguments are also stronger with more homogeneous conclusion categories. 
Thus, in the hemegencity phenomenon, more specific conclusion categories lead to 
greater argument strength (robin > bird is stronger than robin > animal). However, 
Shafir, Smith, and Osherson, (1990) describe an effect called the inclusion fallacy, 
according to which more general conclusions seem stronger than specitic ones, In 
normative terms, people should be less, willing to make a more wide-ranging con- 
clusion, but given a premise about robins, the inductive argument for ostriches is 
sometimes considered weaker than the argument for birds (all birds including 
ostriches!). ae eke: : : 
» Osherson et al. (1990) collected evidence for a further 
set of phenomena that apply co both general and specific arguments. They found 
that the diversity of the premise categories predicts argument strength. If a property 
is known to be true for a set of Fir-ranging creatures (¢.g., wasp and deer), itis more 
likely to apply to a new case than if it is known to be true of a cluster of more sim- 
ilar creatures (c.g., antelope and deer). Also, adding an additional premise at the low- 
est level category that includes the other premises and conclusions increases argu- 
ment strength. This is called the monvtonicity phenomenon since more evidence leads 
to greater argument strength. For example, collies, poodles, dalmations > dogs is 
stronger than an argument based on only two of the three premises. On the other 
hand, given a chird premi: 


Using multiple premi 


from an outside category (collies, poodles, dragonflies > 
dogs), then the argument is often judged to be weaker than (collies, poodles > dogs). 
This phenomenon is known as nenmonotonicity because the argument strength 
decreases with the additional premis 

Osherson ct al. (1990) propose a sintilarity-plus-coverage model to account for this 
set of findings. The strength of an argument depends, first, on the similarity of the 
premise and conclusion categories, In addition to accounting for the similarity phe- 
nomena described above, the similarity component of the model can account for 
the inclusion fallacy if the similarity between the general conclusion category (birds) 
and the premise category (robins) is greater than the similarity between the specitic 
conclusion category (ostriches) and the premise category (robins). The second com- 
ponent in the model is coverage, the average similarity of the premise categories to 
the lowest-level category that spans both the premise and conclusion categories. 
Intuitively, argument strength increases with the extent to which the categories in 
the premises cover different areas within the space of the inclusive category (Lopez, 
Gelman, Gutheil, & Smith, 1992). In an argument such as (robins  bluejays), the 
degree of coverage is the average similarity of robins to exemplars of the lowest 
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inclusive category, bird. An argument like (trout > bluejay) should be less persua- 
sive than (robins > bluejays) because the coverage between trout and animal-—~the 
lowest inclusive category in this case—is low. Coverage is critical to explaining the 
multiple-premise effects. Monotonicity is explained by assuming that the additional 
within-category premise increases the coverage of the inclusive category. Nonmo- 


notonicity (as in the example used above) occurs because the additional premise 
from outside the category (dragonflies) forces the lowest-level inclusive category up 
to the level of animals rather than dogs. The category oftanimals is less well cov- 
ered (by collies, poodles, and dragonflies) than the category of dogs is by collies and 
poodles alone. Less coverage means less argument strength, despite the greater num- 
ber of premises. 

Sloman (1993) offers a different interpretation of this set of reasoning phenom- 
ena, based on comparison of features, not categories. His feature-based induction 
model is instantiated as a connectionist model. The premises of an argument are 
encoded in terms of the strength of associations from input units representing the 
features of the premise categories to an output unit representing belief in the pred- 
icate. The strength of an argument is tested by applying the features of the conchi- 
sion category to the input vector to determine the degree of activation of the out- 
put unit. The prediction is that the degree of feature overlap between the premise 
and conclusion category determines the argument strength. Similarity implicitly 
guides the process since like inputs lead to like outputs, but there is no explicit com- 
putation of similarity. 

Sloman (1993) successtully modeled most of the core phenomena demonstrated 
by Osherson et al. (1990). For example, he explained diversity effects in terms 
of feature overlap, rather than by category coverage. Diverse premises lead to 


stronger arguments because they provide greater coverage of the feature space (more 
of the excitatory feature-to-output connections are activated). Sloman’s model pre- 
diets an additional phenomenon related to diversity called fearure exclusion, Using:a 
same-level conclusion category (weasel) rather than superordinate (mammal), 
(foxes and rhinos) do not lead to greaier argument strength than 
clustered premises (foxes and deer) because the premises do not provide broader 
coverage of the feature space of the conclusion category. 

Sloman argues that the feature-overlap model is superior because (a) it is not 
dependent on the existence of stable category structures or explicit similarity com- 
putations, and (b) the core phenomena are explained by a unified account rather 
than requiring the two components of similarity and category-coverage. However, 
the feature-based approach does not account for the nonmonotonicity phenome- 
non (without an additional assumption of feature competition), Additionally, crit- 
ics point out that Sloman’s emphasis on features is a somewhat dangerous move 
because there is no satisfying basis for determining the set of representing features. 
Furthermore, recent arguments in the study of conceptual structure (Markinan & 
Wisiiewski, 1997; Murphy & Medin, 1985) and comparison processes (Markman 
& Gentner, 1993a; Medin, Goldstone, & Gentner, 1993) have emphasized the 


diverse prem 
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inyportance of structured representations of causal and relational information. We 
will return to the role of structured representations and comparison processes in 
section 1V, 


C. Statistical Inference 


Associative or statistical accounts of reasoning are based on the updating of statis- 
tical parameters via observational learning. In this manner, prior experience is used 
as a basi 


for prediction. Statistical regularities 


ich as feature occurrences (fre- 
quencies) and co-occurrences (correlations) can be applied to predict unknowns as 
a function of the presence or absence of other features. Stored associations based 
on keeping track of occurrences or observable properties are an alternative to 
explicit knowledge structures such as rules, schemas, or concepts. Apparent subjec- 
tivity in people’s interpretations of the statistical structure of a domain challenges 
the assumption that people construct accurate statistical models of the environment. 
For example, Chapman and Chapman (1969) found effects such as illusory correla- 
tions in which participants consider a correlation to be stronger or weaker than its 
objective basis due to the mediating influence of a prior belief or goal. 


Bayes's theorem provides a formal framework for generating optimal inferences 
based on probability information. Any proposition (or feature, hypothesis, event, 
etc.) can be assigned a prior probability of being true. This likelihood of the propo- 
sition in a neutral context provides a base rate for prediction. Bayesian inference is 
the process of computing likelihoods as a function of the priors along with condi- 
tional probabilities representing the likelihood of a proposition being true given 
that one or more ocher propositions are true. Because there is a complex netwark 
of dependencie 


and interactions among propositions, efective prediction often 
sof t 


Anderson (1991) explored the use of such a Bayesian framework as a psycho~ 


involves a proce! 


xin likelihood estimation over a set of paraneters. 
logical account grounded in evolutionary adaptation. In his “rational analysis,” cat~ 
egory membership is treated like any other feature that could be predicted via 
conditional probabilities. Category structure is constrained by the overall goal of 
optimizing inference performance. Predictions are made by combining the fikeli~ 
hoods of all possible classifications and their subsequent inferences. Anderson's 
model predicts a number of behavioral results in human categorization (c.g., pro- 
totype effects, linear separability, base-rate effects, and more), but the Bayesian 
framework requires the simplifying assumptions that features are independent of 
one another and that categories 


are nonoverlapping. The psychological plausibility 
of this approach has been questioned by Ross and Murphy (1996), who show that 
participants generally make inferences on the basis of one best-fitting category, 
instead of using a probabilistic summation across multiple possible categories. 
Statistical accounts of reasoning are challenged by evidence that people often fail 
to conform to the prescriptions of Bayesian inference. A classic example is base-rate 
neglect or the failure to take appropriate account of the prior probability in assess~ 
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ing a likelihood (Kahneman, Slovic, & Tversky, 1982; A. Tversky & Kahneman, 
1981). For example, even if someone is 90% certain they just saw a duck-billed 
platypus, before believing them, it would be worth considering how likely it is in 
general for such a creature to make an appearance. In probability estimation tasks, 
it has been shown that participants tend to respond as though the base rate infor- 
mation were not present or did not matter, However, Holyoak and Spellman (1993) 
suggest this phenomenon may not be robust. There are a variety of circumstances 
involving increased salience or causal relevance of the base-rate information in 
which proper use of base rates is made (e.g., Bar-Hillel & Fischoff, 1981). Addi- 
tionally, much of the empirical evidence for base-rate neglect uses the method- 
ological approach of establishing the base rates by providing summaries rather than 
a range of experience to allow statistical learning. Manis, Dovalina, Avis, and Car- 


doze (1980) show that base rates acquired through presentation of exemplars are 
used effectively. 


D. Reasoning by Heuristics 


Cognition may be effectively characterized as informal and subject to a variety of 
biases. A. Tversky and Kahneman (1973, 1983) have carried out an important 
research program exploring natural reasoning heuristics. They have shown that peo- 
ple do not always follow normative processes in their judgments and decisions. 
Instead of optimal performance (as established by either statistical or logical frame- 
works), reasoning often reflects the use of heuristic approaches that provide rea- 
sonable resolutions at minimal cost of time and processing resources. These ' hort- 
cuts are tot guaranteed to provide a correct answer (or any answer), and ¢th Ly are 
often linked to systematic biases in performance. Barsalou (1992) sugpests that rea- 
soning phenomena may best be explained in terms of the interaction between a 
system capable of deductive logic and three pervasive cognitive biases that reflect 
the way information is compared (representativeness), brought to bear (availability), 
and stored (in organizing knowledge frames). : 

Much of the evidence for these effects comes from studies of probability esti- 
mation in which the outcome of the reasoning proce 


is not a new belief, but a 
degree of confidence in a particular bel 


We briefly discuss two such phenomena 
that reflect the role of stored knowledge. One example is the conjunction fallacy (A. 
Tversky & Kahneman, 1983), in which people seem to rely on a represertativencss 
heuristic rather than probability theory to make a judgment. The likelihood of a 
conjunctive event that is typical of its kind is judged as greater than the likelihood 
of one of the single constituent events by itself. Despite the fact that logically the 
co-occurrence of two events cannot be more likely than the occurrence of one of 
the events alone, people judge (for example) that it's more likely that Bjorn Borg 
lost the first game but won the set than that he lost the first game. In this case, knowl- 
edge about representative cases take precedence over an analysis grounded in for- 
nal Likelihood estimation or logic. Another example is the availability heuristic— 
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the use of easily accessible knowledge to make a judgment (A. Tversky & Kahne- 
man, 1973). For example, in judging the probability of a car being blue, experience 
with blue cars that is recent or salient often increases the probability estimate. Agsin, 
people’s ability to collect and apply probability information objectively is called into 
question. In these examples, the reasoning process seems to reflect reliance on 
knowledge content rather than strict use of domain-general principles. 


E. Connectionist Inference 


Connectionist models provide several interesting interpretations of reasoning 
within the framework of parallel, distributed processing. In such systems, a large 
number of simple processing units loosely inspired by the networks of neurons in 
the brain take on activation values as a fimetion of input from the environment 
along with weighted signals from other connected units. Recently, the statistical 
nature of connectionist models has been emphasized (see Smolensky. Mozer, & 
Rumelhart, $996) to demonstrate the formal groundwork on which the models 
operate. This emphasis reflects the challenges connectionism has faced, such as (a) 
itis difficult or impossible to tell exactly how or why the models do what they do, 
and (b) they can be made to do nearly anything so they are uninteresting, Jacobs, 
Jerdan, Nowlan, and Hinton (1991) describe a connectionist design principle for 
creating systems known as mixture models that instantiate principles of Bayesian” 
inference. : 


Connectionist madels are also intriguing to many researchers tor their psycho- 
logical and neurobiological plausibility rather han as a way of doing staustics. Such 
models are often trained using a learning algorithm to perform: pattern association 
ora function mapping between a set of inputs to a set of outputs. These systems 
produce inferences by generalizing from training experience. A novel input ts 
treated like (or leads to the same output as) the training instance(s) with which it 
shares the most in common or a configuration of particularly critical features—sim- 
ilar inputs lead to similar outputs (Rumelhart, Durbin, Golden, & Chauvin, 1996). 

Connectionist models based on recurrent architectures perform a type of pro- 


cessing known as constraint satisfaction involving a series small, local adjustnients 
toward eventually settling at a stable global state. Examples of such systems as psy- 
chological models include Holyoak and Thagard’s (1989) ACME model of analog- 
ical mapping and Kumelhart, Smolensky, McClelland, and Hinton’s (1986) account 
of schema-based processing (see Holyoak & Spellman, 1993, for further discussion 
of connectionist vs. symbolic paradigms in thinking and hybrid connectionist-syin- 
bolic accounts such as ACME). In these settling systems, the activation level of pro- 
cessing units represent degree of belief in hypotheses about properties of the envi- 
ronment. Connections between units represent associations or the degree to which 
one property is consistent with or predicts thé.other. The activations of the units of 
the system are continually updated to effect small increases in the overall goodness 
(consistency of the configuration of global activation with prior knowledge as 
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stored in the connections between units) of the interpretation of an input. Such 
systems, along with pattern association devices, have the interesting properties of 
completing partial patterns of input activation with inferred values in a manner 
reflecting the statistical structure of the training data and even overturning incon- 
gruous hypotheses. Rumelhart (1989) discusses how a settling system of this sore 
featuring a soft clamping mechanism on the inputs will naturally exhibit a range of 
performance along a continuum frdm memory to reasoning. Depending on the 
match between the input and the knowledge stored in the weights, the system will 
amplify a recognized pattern, complete a partial pattern, or generalize from appro- 
priately similar examples to a novel variation. 


IV. STRUCTURAL ALIGNMENT IN REASONING 


Analogy can be, defined as the perception of relational commonalities between 
domains that may be dissimilar on the surface, or asa kind of reasoning based on 
the assumption that two things that are similar in some ways will be similar in oth- 
ers. In fact, the two definitions are related. Relational correspondences between a 
base and target often lead to further candidate inferences. Rips (1990) noted that 
analogy occupies an intermediate position with respect to his strict~loose criteria, 
as discussed above. Analogy also holds an intermediate position in the weak—strong 
framework for reasoning we have set forth. Because it is clearly knowledge-inten- 
sive, it qualifies as a form of strong reasoning, yet the processing mechanisms are 
fairly well specified and are relatively independent of other cognitive processes. (Of 
course, as with other forms of reasoning, the representations over which it operates 
are influenced by other processes.) 

In this section, we begin by outlining the characteristics of analogy and its rela- 
tive, similaricy, with a particular focus on the underlying mechanism of structural 
alignment and mapping. Then we consider how these processes can inform our 
understanding of the strong and weak methods discussed above. The perspective 
raised by this consideration of comparison processes suggests a general view of rea- 
soning as a continuum from strong to weak methods, rather than a dichotomy 
between systenis. We speculate on the unifying claim that structural alignment pro- 
cesses may not only guide strong forms of reasoning, but may contribute to the 


development of weak methods as well. 


A, Reasoning by Analogy 


Analogy research has focused mainly on the mapping process used to establish cor- 
respondences between two situations. A familiar situation, referred to as the base or 
source analog, is used as a model from which to map inferences to the unfamiliar 
situation or target. Such mappings can be decomposed into two subprocesses: (a) 
alignment of the two representational structures, and (b) projection of inferences 
from one to the other. The subprocesses are intimately linked because the nature of 
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the alignment process constrains the candidate inferences that result. We present a 
basic overview of analogical mapping and inference. In addition, we explore how 
the structural alignment account of analogy can be extended to other comparison 
processes such as similarity. Lastly, because the process of reasoning by analogy about 
a target domain often depends on accessing potential base analogs stored in mem- 
ory, we briefly discuss the retrieval component of analogical thinking. 


1. Analogy: Theoretical Claims and Models 


According to ‘Gentner’s (1983, 1989; Gentner & Markman, 1997) structure-map- 
ping theory, analogical mapping is a matter of establishing a structural alignment 
between two represented situations and then projecting inferences. The theory 
assumes the existence of structured representations made up of properties (such as 
objects and attributes) and relations connecting the properties. An alignment con- 
sists of an explicit set of correspondences between the sets of representational cle- 
miengs of two situations with a focus on matching relational predicates. The align- 
‘ ment is determined according to a set of constraints that guarantee structural 
consistency: (a) there rust be one-to-one correspondence between the mapped cle- 
ments in the base and target, and (b) there must be parallel connectivity such that 
the arguments of corresponding predicates also correspond. In addition, the selec- 
tion of an alignment is guided by the systematicity principle: a system of relations con- 
nected by higher-order constraining relations such as causal relations is more pre- 
ferred in mapping than an equal number of independent matches. Thus, if analogical 
similarity is a matter of common relational structure, then a base domain with a 
richly linked system of connected relations can yield candidate inferences by guid- 
ing completion of the corresponding structure in the target (Bowdle & Gentner, 
1997), The systematicity principle underscores a preference for coherence and 
causal predictive power in analogical processing. Table | (adapted from Gentner & 
Markinan, 1997) lists seven key phenomena of analogical mapping, 
Structure-mapping theory is instantiated in a computational model of human 
analogy processing. The Structure-Mapping Engine (SME) of Falkenhainer, For- 
bus, and Gentner (1989) begins by finding all possible local matches between the 
elements of two potential analogs. The system combines these into structurally con- 
sistent kernels and then combines the kernels into the largest and deepest connected 


systems of matches. As a natural outcome of the alignment, other propositions con- 
nected to the common system in the base become candidate inferences about the 
target. Holyoak and Thagard’s (1989) ACME (Analogical Constraint Mapping 
Engine) uses a similar local-to-global algorithm, but in the form of a winner-take- 
all connectionist system that implements multiple soft constraints: structural con- 
sistency, semantic similarity, and pragmatic bindings. The multiconstraint system 
permits a highly flexible mapping process, but has the disadvantage that it often 
arrives at structurally inconsistent mappings with indeterminate candidate infer- 
ences. Markman (1997) found that this kind of indeterminacy was rarely experi~ 
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TABLE 1 Seven Phenomena of Analogy” 


1. Structural consistency Analogical mapping involves one-to-one 
correspondence and parallel connectivity, 


2. Candidate inferences Analogical inferen Y generated via structured 
completion, 
3. Systeanaticity People prefer connected relations rather than collection 


of isolated relations. 
4. Relational focns . Relational matches are made whether or not the object 
making up the relations also match. 
The interpretation of an analogy depends on both 
tern 


5. Interactive interpretation 


he same term yields different interpretations 
in different comparisons. 
6. Maltiple interpretations Analogy allows multiple interpretations of a single 


comparison. 


7. Cross-anapping Adults generally percieve bath interpretations of a 


cross-mapping and typically prefer the relational 
interpretation, 


“ Adapted from Gentner and Markman, 1997. 


enced by people solving analogies. Another variant of the local-to-global algoritht 
is Hofstadter and Mitchell's (1994) Copycat system for perceptual analogies. Hum 
mel and Holyoak’s (1997) LISA model is an account of analogical processing th: 
attempts to unify mapping and access using temporal synchrony to bind distribute 
representational elements. Lastly, IAM (Incremental Analogy Machine) is a “pro 
Jection-first” model that operates by finding or deriving an abstraction in the bas 
and projecting it to the target (Keane & Brayshaw, 1988). Additional matches ar 
added incrementally—this allows the system to model effects of Processing orde 

These models demonstrate various 


counts (with a common theoretical ground 
ing) of the core analogical reasoning, process. Turning a candidate inference into a 
actual hypothesis about the target also depends on a process of judging the accept 
ability of the analogy. At least three criteria are involved in the evaluation. The fir 
is structural sounduess: whether the alignment and the projected inferences are struc 
turally consistent. The second criterion is the factual validity of the projected infer 
ences in the target. Becaus 


nalogy is not a deductive mechanism, the candidat 
inference is not guaranteed to be correct. Finally, in problem-solving situations, il 
additional criterion is goal relerance—checking whether the analogical inferences ar 
relevant to the current goals. Models of analogy differ in when and how goal rele 
vance is invoked during the process. Holyoak and Thagard (1989) assi 


gn it a centr: 


role in mapping, while Gentner (1989) proposes that goals influence the input rep 
resentations and the postmapping evaluation process, but not the mapping itself. 

As part of the mapping process, analogy can act as a mechanism for learnin 
or knowledge change through re-representation of the constituent predicates of th 
analogs or highlighting the common structure between analogs (C. A. Clement é 
Gentner, 199]; J. Clement, 1988; Gentner, 1989; Holyoak & Thagard, 1989). Re 
representation (or adaptation) involves altering, the representation of one or bot 
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analogs to improve the quality of the match (see Holyoak, Novick. & Melz, 1994; 
Kass, 1994; Keane, 1996; Kotovsky & Gentner. 1996). Schema abstraction occurs 
when a common system arrived at in understanding an analogy is rendered salient — 
thereby increasing the possibility that it will be used again later (Gick & Holyoak, 
1983; Hayes-Roth & McDermott, 1978). Through these mechanisms, analogy can 
promote the formation of new relational categories and abstract rules. 


2. Systematicity as a Constraint on Inference 


The role of relational structure in analogical processing is more specific than a global 
preference for relational commonalities over attribute or object matches. As noted 
above, the analogical interpretation process seeks matches consisting of intercon- 
nected systems of relations. This preference for interpretations of analogies that 
align systems of predicates’ connected by higher-order constraining relations is 
known as the systematicity principle (Genter, 1983, 1989). This claim that com- 
Parison ac 


6 CO promote s 
viability as a reasoning proc 


ems of interrelated knowledge is crucial to analogy’s 


If the comparison process generated a set of isolited 
features, there would he no natural basis by which to constrain the inferences 
derived from the match. 

A useful experimental methodology for observing the effects of structure in 
comparison takes advantage of cfoss-muppings in which structural commonalities 
conflict with object.matches (Gentner & Toupin, 1986; Goldstone & Mediu, 1294a; 
Markinan & Gentner, 1993b; Ross, 1987). For example, ina comparison between 
“Spot bit Fido” and “Fido bit Rover.” Fido is cross-mapped. When presented with 
cross-mapped comparisons, participants can compute both alignments (see Hable 1). 
Adults (though not young children) typically prefer the relational alignment. ‘The 
preference becomes more emphatic when the cross-mapping includes higher-order 
relational structure (Gentner & attermann, 1991; Gentner & Toupin, 1986; Mark- 
man & Gentner, 1993c). 

In order to test the role of systematicity as a constraint on inference, ©. AL 
Clement and Gentner (1991) showed participants analogous scenarios and asked 
them to judge which of two lower-order 
was most important to the match. Participants chose the assertion that was con- 
nected to matching causal antecedents—their choice was based not only on the 
goodness of the local match, but also on whether it was connected to a larger match- 


ertions shared by the hase and target 


ing system. In addition, inferences projected from one scenario to the other were 
governed by systematicity—inferences were made in order to complete a causal 
system, 


3. Similarity Is Like Analogy 


The framework developed for analogy extends naturally to literal similarity (Gent- 
ner & Markman, 1993, 1995, 1997; Goldstone, 1994b; Goldstone, Medin, & Gent- 
ner, 1991; Markman & Gentner, 1993a,c; Medin et al., 1993). Specifically, the align— 


40 Reasoning 


ment of relational structure is also crucial to similarity comparisons. The distit 
tion between analogy and literal similarity can be thought of within a similar 
space defined by the degree of abject-attribute similarity and the degree of re 
tional similarity (Gentner, 1989). Analogy occurs when comparisons exhibit 4h 
degree of relational similarity with very little attribute similarity. As the amount 
atribute similarity increases, the comparison shifts towards literal similarity. Lite 
similarity matches are casicr to make than analogy because the alignment of re 
tional structure is supported by object matches, 

Markman and Gentner (1993b) found evidence that similarity comparis 
induces a structural alignment. Participants viewed pairs of pictures—in one sce! 
a woman was shown giting food to a squirrel; in the other, a similar-looking won 


was shown seceiving food from a man. One group of participants rated how sim 
the two scenes were to cach other, while a control group rated the two scene 


thetic value. All participants were then asked to map the woman in the first picti 
to an element of the second. Participants who had first rated the similarity of 1 


scenes made significantly more relational mappings (i.c., woman to squirrel) ¢ 
did participants in the control condition. The very act of carrying out a similar 
comparison can induce a struetural alignment and increase the likelihood of mi 
ing matches on the basis of shared relations rather than object similarity, 

In addition to relational focus, the critical finding that systematically gui 
inference (C. A. Clement & Gentner, 1991) also carries over to similarity comp 
isons. Bowdle and Gentner (1997) gave participants pairs of similar scenarios (wi 
out distinguishing a base or target) and asked for inferences. It was found that p 
tivipants preferred to make inferences from a systematic structure to ales systemz 
structure and also judged comparisons to be more informative in this direction tl 


the reverse. 


4. Analogical Retrieval 


So fir our focus has been on analogical mapping once the base and target have be 
established. Explaining the use of analogy and similarity in re: 


asonINg requires so 
account of how potential analogs are accessed in long-term memory. There is ¢¢ 
siderable evidence that similarity-based retrieval, unlike the mapping process 
more influenced by surt 
content effects seem to dominate remindings and to limit the transfer of learn 
across domains (Gentner, Ratterman, & Forbus, 1993; Holyoak & Koh, 19 
Keane, 1988; Novick, 1988a, 1988&b; Reed, 1987; Ross, 1984, 1987, 1989), 

In Gick and Holyoak’s (1980, 1983) classic studies, participants often failed 
access potentially usctul analogs. The rate of successful solution of a very diffic 
problem tripled (from a baseline of 10%) for participants given an analogou 
prior to the problem; but even so, the majority of participants failed to benefit fr 
the analogy. However, when these nonsolvers were given a hint to think about 
story they had heard, the solution rate approximately tripled again to 80-91 


similarity than structural similarity, Strong similarity ¢ 


1800 Kenneth J. Kurtz et al. 


Because no new information was given about the story, it can be concluded that 
the analog was available in memory, but was not spontaneously retrieved. The struc- 
tural similarity between the story and the problem was sufficient to carry out the 
mapping with both analogs present in working memory, but not sufficient to pro- 
duce spontaneous retrieval. 

To test this functional distinction between kinds of similarity, Gentner et al. 
(1993) gave participants a large set of stories to remember and then later provided 
new stories that varied in their surface and relational similarity to the originals. Par- 
ticipants were asked to write out any original stories they were reminded of—the 
remindings that resulted were strongly governed by surface commonalities such as 
sinular characters. However, when asked to rate the similarity and inferential sound- 
ness of pairs of stories, the same participants relied primarily on higher-order rela- 
tional commonalities, such as matching caus 
own surface-similar remindings as poor matches. This disassociation is also found in 


1 structure. Participants even rated their 


problem-solving tasks: remindings of prior problems are strongly influenced by sur- 
face similarity, but structural similarity better predicts success in solving the prob- 
lem (e.g., Ross, 1987). 


B. Reasoning by Categories Revisited 


At the outset of this chapter, we suggested that structural alignment could serve 
as a unifying framework for a discussion of reasoning. We now begin our ¢fort 
to make good on this proposal. We have seen how the comparison processes of 
analogy and similarity can function as a mechanism for extending knowledge. 
Similarity and categorization are quite intricately and somewhat controversially 
lirked to one another—in ways ranging from accounts of one in terms of the 
other to dissociations between them (see Medin & Heit. this volume). We leave 
the debate aside except to note that iF similarity as structural alignment is 
“explanatory” as a source of constraints on category coherence (Goldstone, 
19949) and hierarchical organizatioy (Markman & Wisniewski, 1997), then infer- 
ences that arise from categorization (as in section HLA) may in fact be derived 
from structured comparison between instances and category representations (see 
Kurtz & Gentner, 1998). The use of CLI (section 1L.B) to extrapolate knowledge 
on the basis of category structure is generally considered distinct from similarity- 
based inference (the projection of knowledge from one specific instance to 
another). Nonetheless, viewing CBI fron: the vantage of structural alignment 
yields some useful insights. 


1. Comparison and Category-Based Induction 


Most models of CBI utilize a notion of similarity as the degree of match between 
sets of features, Evidence suggests that adults’ property induction is.guided by struc- 
tural similarity rather than Hat similarity (as in Osherson, et al., 1990) or featural 
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overlap (as in Sloman, 1993). Lassaline (1996) found that argument strength in- 
creased when there was a causally connected inference that could be carried over 
a candidate inference. For example, adding the relational premise “For Animal B, 
a weak immune system causes an acute sense of smell” increased the strength of the 
following argument: 


Animal A has a weak immune system, skin that has no pigment, and dry flaky skin 


_ Animal B has a weak immune system and an acute sense of smell 


therefore, Animal A also has an acute sense of smell 


Further evidence that people are sensitive to connected systems of relations in 
induction comes from Heit and Rubinstein (1994). They found that participants 
make stronger inferences when the kind of property to be inferred (anatomical or 
behavioral) matches the kind of similarity between the animals (anatomical or 
behavioral). For example, participants made stronger behavioral inferences from 
tuna to whales (because both swim) than from bears to whales. Stronger anatomi- 
cal inferences were made from whales to bears (because both are mammals). If we 
assume that anatomy and behavior are represented by different systems of semantic 
relations, then these findings support the claim that adults are strongly influenced 
by relational focus and systematicity in drawing inductive inferences. 

Wu and Gentner (1998) found further evidence for structural alignment effects 
in category-based inference. Participants were given descriptions of two standard 
animals and a target animal and asked to make an inference about the target based 
on one of the standards. The target shared one property with Animal A ar 4 two 
propertics with Animal B; thus its featural similarity was higher with B than with 
A. However, the description of Animal A also included the information that the 
shared property canses an additional property. Participants strongly preferred the 
inference connected to causal structure (from Animal A) despite the greater feature 
overlap favoring the inference from Animal B. The pattern of findings suggests that 
people carry out structural alignment during CBI. 

Given this evidence, the question arises whether structural alignment might also 
exphin the patterns of responding found in studies of CBI discussed above. We 
focus our discussion on the nonmonotonicity effect (Osherson et al., 1990; Lopez 
etal. 1992) in which inference strength goes down with the addition of a distant 
premise. For example, Argument 1 below is stronger than argument 2: 


Argument 1: (crow, peacock) > bird 


Argument 2: (crow, peacock, rabbit > bird) 


This runs contrary to the monotonicity prediction that increasing the number of 
premises should increase inductive strength. Osherson et al. (1990) argue that non- 
monotonicity effects are due to category coverage. By enlarging the size of the cov- 
ering category, the average siuilarity of the argument categories to the covering 
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category is diluted. However, consider Sloman’s (1993) example in which Argu- 
ment f is stronger than Argument 2: 


Argument 1: (crocodile) ~ alligator 


Argument 2: (crocodile and king snake) -> alligator 


This effect is not predicted by coverage. Note, however, that crocodile has a richer 
match with alligator than that arising from the alignment of crocodile and king 
snake, Some instances of nonmonotonicity may reflect structural alignment of the 
premiise categories (Gentner & Medina, 1998). Consider again the “bird” example 
from above. In Argument 1, the premises (crow and peacock) are strongly alignable— 
yielding a rich “premise schema” that can project inferences to the conclusion 
category with which this schema is also strongly alignable. The addition of a diffi- 
cult-to-align premise (rabbit) in Argument 2 invites a retreat from strong alignment 
based reasoning. The reasoning process could rely on this less forceful alignment— 


ong that must incorporate rabbit in with crow and peacock—or instead shift to 
taxonomic reasoning. This shift can he seen as going from a strong reasoning process 
(close alignment) to a somewhat more domain-general (or tess strong) reasoning, 
process (category-based inheritance). Category-based inheritance is less dependent 
on the specific knowledge structures associated with the entities than is literal sim- 
ilarity alignment. For example, tiger and paramecium are equally entitled to inherit 
the properties of animal, even though tiger yields a more satisfying alignment with 
animal than does paramecium, 


2. Analogical Induction in Development 


Even more than adults, children often need to reason in the absence of useful back- 
ground knowledge. Indeed, it is sometimes stated that the inductive processes used 
by children are comparison based—as opposed to the CBE used by adults (Carey, 
1985; Inagaki, 1989). Lopez et al. (1992) used inductive inference problems like 
those of Osherson et al. (1990) to demonstrate a developmental pattern of carly 
reliance on similarity with category-based reasoning entering later. Both kinder- 
garteners and second graders showed similarity-driven effects such as the influence 
of premise-conclusion similarity and typicality of the premis 
second graders showed category caverage effects such as premise diversity and 
monotonicity. As in the Osherson et al. studies, it was found that adults app 


- However, only the 


red 


to use both comparison-based and category-based processes. Adults with diferent 
kinds of expertise showed different patterns of inductive reasoning in the domain 
of trees (Medin, Lynch, & Coley, 1997). Participants with expert ecological or 
causal knowledge (maintenance workers and landscapers) tended not to use diver- 
sity to guide their reasoning. This may reftect direct comparison of sophisticated 
knowledge structures rather than the use of the more domain-general (weaker) 
method. 
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Carey (1985) asked children to make inductive inferences about properties. F: 
example, children were told that a dog had a spleen and then asked if bugs we 
likely to have a spleen. She found that before age 10, children tended to base the 
inductive attributions of biological properties on the similarity of the target obje 
to humans. This pattern suggests that children might be using a well-understoc 
species (i.c., their own species) to reason about less familiar species; that is, th 
were drawing an analogy. The research program of Inagaki, Hatano and colleagu 
(Inagaki, 1989, 1990; Inagaki & Hatano, 1987, 1991; Inagaki & Sugiyama, 198 
suggests that (a) children use structure-mapping processes in inducing new fe 
cures of animals, but (b) the flexibility and sophistication of their reasoning is lir 
ited by incomplete domain representations. Inagaki and Hatano (1987) examin 
children’s spontancous use of analogy in inductive problems from the biologic 
domain. They asked 5~-6-year-old children questions like, “What would happ: 
if a rabbit were continually given more water?” As in Carey (1985), the childr 
often made explicit analogies to humans such as: “We can’t keep it [the rabbit] fe 
ever in the same size. Because, like me, if T were a rabbit, | would be 5 years ¢ 
and become bigger and bigger.” The personification responses were often reaso 
able and tended to be more correct than nonpersonification responses. Wh 
asked questions for which the analogy with humans would yield incorr 
responses, children were far less likely to use the analogy. In addition, children we 
more likely to use the analogy to humans for target entities more similar 
humans. This is consistent with high similarity facilitating alignment and inf 
ence projection, 

Viewing this process as analogy suggests that children based their inferences 
knowledge of humans because their knowledge of humans is deeper and more s 
tematic than their knowledge of other animals. If this is the correct account, th 
the same pattern should hold for other animals about which children possess expr 
tise. Inagaki (1990) found that children who raised goldfish were highly likely 
use their knowledge about goldfish to make analogical inferences about unfamil 
aquatic animals such as frogs. Interestingly, the goldfish-raising children also us 
the person analogy for frogs almost twice as often as the control subjects. It is pi 
sible that the experience of raising goldfish had led the children to compare hum: 
and goldfish and to abstract underlying commonalities. Galdfish raisers were mx 
likely to draw analogies from people to goldfish than non-goldtish raisers, desp 
the fact that they demonstrably knew more about goldfish. Deeper knowlec 
about animals apparently made children better able to notice and use cross-spec 
analogies (see also Kotovsky & Gentner, 1996). Developmental gains in duct 
accuracy may result through increasingly sophisticated analogical comparison ratl 
than a shift from comparison to category use. The distinction fies between co 
parison based on overall similarity and more informed analogical comparison 
which similarity with respect to specific causal or functional systems determines 
common system and the projected inference. 
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C. Reasoning by Rules Revisited 


Deductive inference rules are the quintessential case of a purely syntactic, content= 
independent (weak) form of reasoning. Their operation is in principle unaffected 
by the semantic content of the representations to which they apply. Does compar- 
ison have any role to play in such proce: 


8? One suggestion from norm theory 
(Kahneman & Miller, 1986) is that people use analogical reasoning to compare at 
target situation to ad hoe counterfactual alternatives (see also E. E. Smith & Osh- 
erson, 1989). In this section we seek to establish three links between structural align- 
ment and deductive rules (Gentner & Medina, 1997, 1998). First, we suggest that 
rule application typically entails structural alignment. Second, people are often more 
accurate with concrete analogies than with the structurally equivalent rule. Third, 
alignment processes may provide a route to acquiring deductive rules. 


1. Seructural Alignment in Rule Application 


The use of rules in reasoning may actually depend on comparison processes. 
"Wietgenstein’s (1953) discussion of rule following emphasizes the interdependence 
of similarity and rules. He argues that it is a mistake to think simitarity can be estab- 
lished independently of rule-governed activities because similarity is unconstrained. 
For example, given the series “2, 4, 6,8, . . ..” it is indeterminate what should come 
next. Our sense of similarity alone might suggest monotonic increase, even num- 
bers, or single-digit numbers. A rule such as *+2° is what provides a constrained 
basis for continuing the number sequence. Goodman (1972) adopted this line of 
argument to attack similarity as a basis for concepts, However, Wittgenstein argued 
the converse point as well——similarity plays a role in the application of rules. A rep- 
resented rule like “+ 2” lacks a basis for determining when and how to apply the 
rule to specific instances (see Gentner & Medina, 1998; for more on this and related 
points). 

The application for a deductive rule requires a firm structural binding of the 
abstract components of the rule with the specific premise and conclusion assertions. 
This binding or unification of rule and evidence can be seen as an alignment 
proc 


- Imagine a continuum from analogy co relational abstraction. Both involve 
overlap in relational structure, but they vary in the concreteness of the base domain. 
In analogical mapping the objects of the concrete base must be aligned with the 
objects and relations of the target. When an abstraction acts as the base, there are 
only variables to fill rather than concrete objects to overcome. Thus, an abstract rule 
that is clearly represented by the learner should be easy to align. 


2. Analogies as Surrogates for Rules 


E. E. Smith et al. (1992) note that deductive rule following should be at least as 
accurate with abstract or unfamiliar materials. This ssumption is challenged by con- 
tent effects in reasoning. Participants given Wason’s (1968) selection task typically 
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fail in the application of conditional inference rules to abstract and unfamiliar mate- 
rial, but perform far better if familiar concrete materials are used. Additionally, an 
tnportant pattern of transfer effects has been established using the selection task. 
The canonical result is that subjects revert to poor performance when they receive 
the abstract (i.c., letters and numbers) version of the task, even following a facili- 
tating content problem, such as the Drinking Age problem (Cox & Griggs, 1982; 
Johnson-Laird et al., 1972: Wason & Shapiro, 1971). However, Cox and Griggs 
(1982) also demonstrated that an arbitrary specific rule, such as a Clothing Age rule 
(“Ifa person is wearing blue then the person must be over 19”) shows facilitation 
after presentation of the Drinking Age rule. 

The facilitation effets found in the Wason task are usually ascribed to “famil- 
iarity” with the rule and material used. Our framework allows us to be more spe- 
cite and distinguish two different sources of facilitation: (a) transparency—the 
overall similarity between the prior knowledge representation and the representa- 
tion of the conditional statement to be tested; and (b) systematicity, or the avail- 
ability of higher-order structure that supports the application of the conditional 
inference. The role of transparency, or overall similarity, is straightforward. Success- 


” ful transfer hinges on recognizing that the two problems are similar. As discussed 


above, analogical transfer between two specific problemns is rare without surface sim- 
ilarity (or explicit hints). Thus, the high similarity between the Drinking Age sce- 
nario and the Clothing Age scenario leads to analogical reminding of the former 
given the latter, and facilitates positive transfer. But when subjects are given a spe- 
cific case followed by an abstract case, the surface similarity may be insufficient to 
lead to a reminding. 

‘The second factor is systematicity—being reminded of a stored scenario is only 
useful if that scenario contains a system of higher-order relations that is correlated 
with the structure of the rule (Genter et al. 1993; Holyoak & Koh, 1987; Ross, 
1987, 1989). For example. Wason and Shapiro's thematic rule “Every time | go te 
Manchester | travel by car” produces facilitation because people have well-estab- 
lished planning schemas that link particular destinations with modes of transport: 
and these schemas have the desired impplicative structure (One is not tempted tc 
infer ¢> p: “If Lam traveling by car [ am going to Manchester”). These can be 
mapped onto the conditional scenario to provide the appropriate constraint. ln con- 
trast, a rule such as “Every time | go into the kitchen I wear iny brown shoes” — 
even though it contains highly familiar elements—should produce little if any facil- 
itation for the conditional rule, perhaps in part because p> qand q— pare equally 
phiusible (or implausible) in this scenario. Maximal facilitation requires not only 
familiar clements but appropriate relations among the elements. 

Although experimental studies that demonstrate strong facilitation effects typi- 
cally combine transparency and systematicity (e.g., Griggs and Cox's drinking 
task and Johnson-Laird et al’s postal rule task), these effects are conceptually sepa- 
rable (Gentner & Toupin, 1986). For example, Johnson-Laird and Shapiro (using : 
different set of reasoning problems) found that realistic relations facilitate perfor- 
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mance when they correlate with the Jogical structure of the problem, but hinder 
the deduction process when they do not (Wason & Johnson-Laird, 1972). 

As expected on this account, children are highly sensitive to content in reason- 
ing tasks, Girotto et al. (1988) gave children a simplified version of the selection 
task. Following Cheng and Holyoak’s (1985) paradigm, they used obligation and 
permission rules accompanied with brief rationales, as well as arbitrary rules. All the 
tules were unfamiliar to the children, and they were introduced in a game’ situation 
with toy bees and an imaginary beehive. An obligation rule, for instance. was “If a 
bee buzzes, then it must stay outside,” followed by the rationale that the queen bee 
wanted to avoid spreading the disease to baby bees. An arbitrary rule was, for exam- 
ple, “Ifa bee buzzes, then it is outside” Children were then asked which of the bees 
should be checked (i.c., those inside, those outside, those that buzz, those that don't). 
As expected, children performed better with meaningful niles than with arbitrary 
rules (70% vs. 141% correct in 9- and 10-year-olds). 


3. Structural Alignment and the Acquisition of Rules 


Analogies during learning can lead to highlighting and abstraction of common 
structural systems; thus comparison can orient learners towards systems of inter- 
connected knowledge (e.g., systems linked by higher-order causal, mathematical, or 
perceptual relations). We suggest a progression from reasoning based on overall, lit- 
eral similarity to reasoning based on higher-level abstract similarity—that is, in the 
limit on rule-application. With repeated alignment and abstraction, similarity com- 
parisons evolve from being initially perceptual and context-bound to become 
increasingly framed in terms of common higher-order structure. ‘The structural 


alignment and mapping process grades naturally from highly concrete and literally 
similar comparisons to purely abstract comparisons. This predicted pattern parallels 
a developmental trend from overall similarity to relational similarity and abstract 
mappings, which Gentner and Rattermann (1991) called the carcer of similarity, As 
Quine puts it (1969, p. 167), we “retain different similarity standards... for use in 
different contexts.” OF course, comparison is only one of many learning mecha- 
nisms involved in the route to abstract cognition, but its potential role in bridging 
strong and weak metliods of reasoning is unique. In the current framework, rule 
governed processes ate based on abstract structural similarity, but they may coexist 
with processes governed by more concrete alignments. 

Kotovsky and Gentner (1996; Genter, Rattermann, Markman, & Kotovsky. 
1995) investigated ‘the possibility that comparison processes might promote chil- 
dren’s learning about higher-order perceptual relations such as symmetry or monot- 
onic increase, In particular, they focused particularly on the ability to perceive cross- 
dimensional matches, which require an abstract appreciation of common relational 
structure. Prior research shows a relational shift: preschool children are generally 
unable to appreciate higher-order perceptual patterns such as symmetry and monot- 
onicity (Chipman, 1977; Halford, 1987, 1992; Smith, 1984, 1989, 1993). The mate- 
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rials were perceptual patterns—groups of simple shapes that could be perceiv, 
readily—so that higher-order relational commonalities could be manipulated indc 
pendently of object similarity, Children were shown a standard embodying son 
relational structure such as synunetry (e.g., XX) and were asked to say which of tw 
other figures it was most similar to, The two alternatives were (a) the relational (co 
rect) choice, which shared a highgr-order relation (e.g., symmetry) with the sta: 
dard (HiH); and (b) a foil that was composed of the same elements as the relation 
choice, but was rearranged to remove the higher-order pattern (HH). Since bot 
choices were equally dissimilar to the standard in terms of object attributes, and t! 
relational choice exceeded in relational overlap, it was (by adult standards) the cle! 
winner. 

The key variable was the degree of concrete lower-order similarity between th 
standard and the relational choice. For same-dimension triads, the relational choir 
had the same dimension of change as the standard: the match was concrete and ea 
ily perceivable (¢.g.. big-little-big/big-litdle-big). In cross-dimension triads, tl 
match was solely at che abstract higher-order level (c.g., big-little-big/dark-ligh 
dark). When given mixed sets of these similarity triads (without feedback), 4~yea 
olds were correct on the within-dimension (close similarity) triads, but chose rai 
domly on the cross-dimension triads. However, simply presenting children wi 
concrete “easy” matches before the abstract cross-dimensional matchers led 
significantly better performance on the cross-dimensional matches. Kotovsky at 
Gentner (1996) suggest a mechanism of progressive alignment whereby initially cor 
crete. dimensionally specific representations are rendered more abstract by compa 
ison and alignment. Even for novices, close matches are easy to perceive becau 
they are, in a sense, automatically aligned. This alignment results in a slight hig 
lighting of the common relational structure. After repeating such alignments, ¢ 
higher-order relational structure becomes strong enough so thata partial match c 
be made even in a cross-dimensional pairing. 

Applying this notion of progressive aligmment to deductive reasoning leads 
the prediction that content effects should occur at a range of different levels 
abstraction from highly specific through progressively more abstract. The level 
abstraction achieved will vary with learner and with topic or domain. This predic 
that facilitation can occur not only with highly specific scenarios, as discussed abor 
but also with abstract schemas. This seems to be the case. As Cheng and Holyo 
(1985, 1989) have argued, the higher-order relation of permissibility can 
abstractly represented in a schema that would include rules such as “If Action A 
taken, then Precondition P must be satisfied.” Cheng and Holyoak (1985) test 
performance on a selection problem that described a permission situation abstract 
using the rule “Hf one is to take action A, then one must first satisfy preconditi 
2 Subjects gave 61% correct answers in the abstract permission problem, in co 
trast with a 19% success rate in the Wason card problem for the same subjects. T 
facilitation effect of systematicity with abstract stinvali was almost as strong as tl 
obtained with concrete similarity (e.g., 81% in Johnson-Laird et al., 1972). 
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Cheng and Holyoak’s proposal that pragmatic reasoning schemas are “abstract 
knowledge structures induced from ordinary life experiences” (p. 395) is consistent 
with our proposal of a continuuns of abstraction. However, there are some differ- 
ences between their pragmatic approach and the present framework, First, they con- 
tend that the schematic structures that guide everyday reasoning derive primarily 
from experience with classes of goal-related situations. We suggest more broadly 
that the essential element is a well-established higher-order relational schema that 
supports conditional reasoning. The pragmatic dimension per se is not the source 
of facilitation, Goal-oriented contexts are undoubtedly a rich source of meaning- 
ful schemas, but (a) many regularities are learned across a variety of different goal 
scenarios, making it unlikely that their structure is derived from one particular type 
of goal; and (b) humans attend to many kinds of regularities in the world, not just 
to those that influence goal achievement. We learn many higher-order relational 
sche-mas that are not fundamentally goal-oriented (c.g., causality, perceptual 
higher-order relations, mathematical relatedness, and so on). For example, consider 
this rule: 


Ifa pattern is symmetric, it has some identical components. 


Although this rule could hardly be described as goal-driven, it seems likely to result 
in correct performance in a selection task. It is reasonably intuitive to resist the 
“affirming the consequent” fallacy—that is, to see chat “some identical compo- 
nents” does not imply “symmetric”; and it is also intuitive to accept the contra- 
positive (“denying the consequent,” the correct inference) —that is, to see that “no 
identical components” implies “not symmetric.” 

A second difference is that we do not suggest that pragmatic reasoning schemas 
are the end point of learning, With experience and instruction, people can and do 
develop abstract schemas that are not embedded in pragmatic contexts. For exam- 
ple, Rips and Conrad (1983) found that a one-quarter course in elementary logic 
substantially improved subjects’ ability to evaluate propositional arguments, many of 
which contained conditionals. For subjects sufficiently trained in conditional Jogic, 
the implications of complex rules may be readily available. Finally, whereas Cheng 
and Holyoak assume no special role for language in this evolution, Gentner and 
Medina (199%) suggest that the acquisition of relational language may play an 
important role in analogical processing (Gentner & Rattermann, 1994) and rela- 
tional abstraction (Kotovsky & Gentner, 1996). 


D. How Do the Different Views of Reasoning Fit Together? 


We have organized our discussion of reasoning around a continuum with two 
extremes. Weak methods of deductive reasoning consist of the application of con- 
fent-free syntactic inference rules that operate on the logical form of repres 


nta~ 


tions. Strong methods of reasoning rely heavily on specific experience and knowl- 
edge representations. Some researchers have proposed that similarity~based and 
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rule-based processes are both important in human cognition, but that they functior 
as different cognitive systems. Smolensky (1988) draws a distinction between tw 
different mechanisms: a conscious rule interpreter that functions algorithmically. 
and an intuitive processor that operates at the subsymbolic level. Perhaps the most 
clearly articulated proposal is Sloman’s (1996) argument for the existence of twe 
separate systems of reasoning that operate independently and in parallel. The asso- 
ciative system encodes covariation of features in the environment and makes pre- 
dictions based on statistical regularities. Sloman’s account restricts similarity to these 
associative, subsymbolic processes, while the rule-based system operates on struc- 
tured symbolic representations. 

As evidence for the existence of two independent systems of reasoning, Slomai 
cites the inclusion fallacy and the conjunction fallacy, where similarity and rules leac 
to contradictory conclusions (Shafir et al., 1990; E. E. Smith & Osherson, 1989; A 
Tversky & Kahneman, 1983), fn the “Linda the bank teller” example of the con- 
junction fallacy (A. Tversky & Kahneman, 1983), participants judged that Lind: 
(who, as a student, “was deeply concerned with issues of discrimination and socia 
justice”) was more likely to be “a bank teller and active in the feminist movement’ 
than “a bank teller." One explanation of this phenomenon is that participants wer 
swayed by the greater similarity of the description of Linda to a “feminist ban} 
teller” than to the typical bank teller (E. E. Smith & Osherson, 1989). Sloman note 
that people are often simultaneously attracted to both of two contradictory con: 
clusions—the correct “bank teller” solution and also “the feminist bank teller” solu 
tion—and interprets this as evidence for two parallel systems of reasoning. 

However, as Gentner and Medina (1998) note, contradictory responses can be 
generated within a single comparison-based reasoning system in at least thr se ways 
First, the retrieval process may produce more than one possibility for a given con 
textual cue. Second, even after the pair to be aligned has been selected, the local 
to-global alignment proces 


(see section IV.A.1) can lead to contradictory response 
over time. Early responses are dominated by local object matches, whereas late 
responses reflect an alignment of relational structure (Falkenhainer et al., 1989 
Goldstone & Medin, 1994b; Ratcliff & McKoon, 1989). Goldstone (1994a) founc 
evidence for this temporal shift from object matches to relational matches using : 
deadline same-different task. A third way that contradictory responses may arise i 
that the same comparison (even with the same correspondences) can give rise te 
alternative interpretations. For example, the statement that a given battle “is th: 
mother of battles” could mean that it is.the biggest (as a parent is larger than he 
offspring) or that it will engender a host of others (which may be larger than th- 
parent). People can experience simultaneous awareness of these possibilities. In al 
three of these cases, the contradictory responses arise within one system. 

A more fundamental difficulty with Sloman’s proposal is that classifying all sim 
ilarity with association neglects the evidence. that the comparison process is struc 
ture-sensitive (Gentner & Clement, 1988; Gentner & Markman, 1994, 1997; Gold 
stone & Medin, 1994a; Markman & Gentner, 1993c, 1996; Medin et al., 1993: 
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When similarity is considered as structural alignment. a range of reasoning perfor- 
mance can be understood as 4 continuum between strong and weak methods. Fur- 
thermore, structural comparison can act as a bridge by which similarity-based pro- 
ce 


s lead to the development of abstract rules. This view of gradual abstraction of 
initially conservative, context-s 
posal that abstractions can arise from: comparison across highly specific instances 
(Cheng & Holyoak, 1985; Elio & Anderson, 1981; Forbus & Gentner, 1986; Gent- 
ner & Medina, 1998; Gick & Holyoak, 1983: Medine& Ross, 1989). As Genter 
and Medina argue, there isa graceful learning continuum from a fully concrete map- 


pecific representations-is consistent with the pro- 


ping, in which the objects transparently match their intended correspondents, to. an 
analogical mapping in which a relational structure is imported to a new domain 
with no support (or even with conflict) from the object matches, to a fully abstract 
mapping in which the base domain contains variables, the target contains objects, 
and the mapping qualifies as rule application. 


V. SUMMARY ANI) DISCUSSION 


Before closing it is worth briefly noting the rise of new approaches that may lead 
to rapid change in the field. First, res 
ally make it possible to link che higher-order representations and processes posited 
in psychological accounts of reasoning to their neurobiological instantiations. At 
this poine the exact farm of the connection and which techniques (ca.. neu- 
roimaging) will provide constraints on theories of high-level cognition wre hard to 
predict. 


arch i cognitive PCUTOSCICNEE Hay event 


A second area from which accounts of reasoning stand to benefit is cross-cil- 
tural research, Strong forms of reasoning would be expected co show cultural and 
developmental differences due to variations in the knowledge brought to bear, For 
example, Lopez, Atran, Coley, Medin, and Smith (1997) found that mductive rea- 
soning among the [tzaj-Mayans was much like that of Americat subjects in mak- 
ing heavy use of similarity and typicality, but differed in that Mayans did not make 
use of premise diversity. When premise variability was high, Mayans often drew on 
their ecological knowledge concerning relations among the creatures. The pattern 
of performance differences may reHect Mayans’ superior knowledge of their evol- 
ogy. Choi, Nisbett, and Smith (1999) found that Koreans were less likely than Amer- 
icans to use categories for inductive inference when presented with specific argu- 
ments in which the covering category must be generated. Nisbett and his colleagues 
suggest that this difference may reflect different reasoning styles: in particular a gen- 
eral pattern of greater reliance on categories among Europeans and Americans than 
among East Asians. As another example, East Asians have been found to focus rel- 
atively more on situational factors than Europeans and Americans in making causal 
attributions (Choi, Nisbett, & Norenzayan, 1997). 

Weak methods might be expected to be more stable and universal, because they 
are domain-independent and, according ta some researchers, originate innately. 
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However, cross-cultural research suggests caution in the belief that particular weal 
methods are fundamental or universal in cognition. For example, Carraher, Carra 
her, and Schliemann (1985) used naturalistic methods to study mathematical knowl 
edge in real-world contexts. Brazilian schoolchildren who worked as street vendor 
were skilled at arithmetic performance in the marketplace when the problems wer 
formulated in the context of fruit sales, but could not solve equivalent problems it 
the abstract version used in formal instruction. The mathematical ability of thes: 
children seemed to be situated in a particular context. 

Within and across cultures, there is evidence for beth strong and weak method 
of reasoning. Neither form can be relegated to a peripheral role in reasoning. It i 
clear chat people can and do apply domain-general rules such as modus ponens; i 
is equally clear that they are.not the whole story. As Newell and Simon noted, whe 
stored data from relevant experience is available, people typically rely on it rathe 
than invoking a more abstract, universal algorithm. Strong methods driven by cases 
and heuristics are a useful way to get on with thi 
goals of understanding and prediction. We agree with Holyoak and Spellman (1993 
that “the psychological difhculty of inferences seems to depend more on the rela. 
tionship between the content of the premises and prior knowledge than on the log: 
ical form of the reasoning involved” (p. 292). 

The structural alignment view points toward a way of liakintg strong and weal 
methods. Structural alignment and projection can guide the application of eithe 
concrete oF abstract prior knowledge to new situations, yielding inferences beyony 
the available evidence. Progressive alignment processes can also lead to the devel: 
opment of new abstract forms, Comparison-based computation takes advantage © 


categories, statistical summaries 


stored knowledge as a strong method, but with a specificity of processing usually 
associated only with weak methods. This potential for compatibility among variou 
methods may be a promising sign for a unified account of human reasoning, 
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To account for human knowledge, one must specify the innate initial state a 
mechanisms intervening between birth and the stable adult state. Thus, sev 


the foundational issues in cognitive science are developmental questions at 
Uhese include all the 


ts of the nativist-empiricist debate. Philosophers who 
ened the debate were not interested in development per se, but rather were 
ested in fundamental issues within epistemology. They saw that no acco 
human knowledge could stand if one cannot imagine, at least in principle, he 
Knowledge is acquired. Nativists such as Kant and cinpiricists such as 
appealed to learnability (among other things) as a criterion for accepting any 
sevount of the nature of the human mind. 

The modern study of cognitive development engages these same deba 
doing so, studies of development provide one source of data relevant to ¢ 
lerizing cognitive architecture. Developmental studies provide evidence ft 
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